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Abstract

Adapting large language models to spe-
cialized domains remains challenging due
to the computational cost of full fine-
tuning and the limited availability of
domain-specific parallel data. We present
a systematic framework for parameter-
efficient domain adaptation using Low-
Rank Adaptation (LoRA) geared towards
efficient learning in low-resource sce-
narios. Our method combines data-
scaling analysis, dual-track hyperparame-
ter optimization, and competitive bench-
marking.  We evaluate our approach
on the low-resource English—-Norwegian
petroleum translation domain using a dis-
tilled version of NLLB and parallel data
from the Norwegian Petroleum Direc-
torate. Our adapted model achieves 61.48
BLEU (+24.62 over the base model) and
0.9298 COMET, while updating <0.4%
of parameters. Our experiments show
that the right parameter efficiency helps
models achieve high accuracy, outperform
evaluated commercial baselines on BLEU,
and achieve comparable semantic qual-
ity (COMET). Our results provide a re-
producible and computationally efficient
blueprint for domain adaptation in neu-
ral machine translation, particularly for
specialized and resource-constrained do-
mains.
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Figure 1: Three-stage experimental framework. Each stage
feeds into the next; key findings are shown below each exper-
iment.

1 Introduction

Large Language Models (LLMs) have transformed
multilingual NLP, with models like NLLB show-
ing strong general-domain performance. How-
ever, in specialized high-stakes domains, such
as petroleum engineering, domain terminology is
highly specialized, regulatory language is dense,
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and error tolerance is low. Full fine-tuning ad-
dresses domain mismatch but its GPU cost and
engineering overhead remain prohibitive for most
practitioners.  Parameter-Efficient Fine-Tuning
(PEFT) (Houlsby et al., 2019; Li and Liang, 2021;
Hu et al., 2022) offers a pragmatic alternative.
Low-Rank Adaptation (LoRA) (Hu et al., 2022)
freezes pre-trained weights and injects trainable
low-rank adapters into Transformer layers, en-
abling adaptation with minimal parameters. How-
ever, LoRA effectiveness depends critically on
data volume and hyperparameters (rank r, scal-
ing o). Ad-hoc choices waste compute and yield
suboptimal models, yet systematic methodologies
balancing scientific rigor with resource constraints
remain scarce (He et al., 2022; Ranathunga et al.,
2023).

We address this gap with a three-stage
framework for efficient LoRA-based do-
main adaptation (Figure 1): (1) data-scaling
analysis to identify efficient training bud-
gets, (2) dual-method hyperparameter search
combining grid search with Optuna-ASHA
optimization', and (3) benchmarking against
commercial and open-source baselines.  We
instantiate this framework on petroleum-domain
English—Norwegian Bokmaél translation using
facebook/nl1b-200-distilled-600M
(NLLB Team et al., 2022) and the Norwegian
Petroleum Directorate (NPD) translation memory
released via ELRC as ELRC_559 (European
Language Resource Coordination (ELRC), 2017),
which we curate and filter into 17,414 pairs.
Our contributions include: (i) demonstrating that
8,000 training samples can recover 96% of the
maximum translation performance achievable
with the full dataset, (ii) identifying optimal hy-
perparameter configurations through a dual-track
search approach, and (iii) achieving a BLEU
score of 61.48 while outperforming commercial
translation systems on lexical metrics, with only
less than 0.4% of model parameters updated. Our
approach shows that a high-quality specialized
neural machine translation system can be realized
under specific resource constraints.

'ASHA (Asynchronous Successive Halving Algorithm, (Li
et al., 2018)) prunes underperforming trials early based on
intermediate validation scores, reallocating compute to more
promising configurations.

2 Related Work

Parameter-Efficient Fine-Tuning. PEFT meth-
ods enable adaptation with minimal trainable pa-
rameters. Adapters (Houlsby et al., 2019) insert
bottleneck layers into frozen Transformers, Prefix-
Tuning (Li and Liang, 2021) optimizes continu-
ous prompts (=0.1% parameters), and LoRA (Hu
et al., 2022) injects low-rank matrices into atten-
tion layers, often matching full fine-tuning perfor-
mance (He et al., 2022; Ranathunga et al., 2023).
These methods make domain adaptation feasible
under limited compute, but prior work largely eval-
uates single hand-picked configurations. In con-
trast, we systematically map the LoRA hyperpa-
rameter landscape using two independent search
methods, providing evidence for which parameters
matter and why. We focus on LoRA as a represen-
tative PEFT method; empirical comparison with
Adapters and Prefix-Tuning is left for future work.

Low-Resource and Domain-Specific MT.
Low-resource MT typically relies on: (i) massive
multilingual models for cross-lingual transfer
(NLLB Team et al., 2022), (ii) data augmentation
such as back-translation (Sennrich et al., 2016),
and (iii) domain-specific fine-tuning. = Recent
surveys (Ranathunga et al., 2023) highlight
challenges in data quality, evaluation metrics,
and transfer learning. = While domain-specific
fine-tuning has been explored in specialized fields,
systematic frameworks for industrial sectors such
as oil & gas remain underexplored. Our work fills
this gap: we provide a reproducible, three-stage
methodology for petroleum-domain EN-NO
translation that integrates data-scaling analysis
with principled hyperparameter search, and
validate the resulting system against commercial
production MT.

LoRA for Domain-Specific MT. Most closely
related to our work, (Carrién and Casacuberta,
2025) apply LoRA to dedicated NMT architec-
tures for multi-domain adaptation, demonstrating
parameter efficiency on par with full fine-tuning.
However, their focus is on continual learning and
catastrophic forgetting mitigation, and hyperpa-
rameters are set heuristically. Similarly, (Zheng et
al., 2024) fine-tune LLMs with LoRA for domain-
specific MT but do not conduct systematic hyper-
parameter analysis. In contrast, our work pro-
vides a reproducible three-stage framework that
explicitly maps the LoRA hyperparameter land-



scape through dual-track search and quantifies data
efficiency thresholds.

3 Data

3.1 Source & Licensing

We use the Norwegian Petroleum Directorate
(NPD) translation memory, released on ELRC
as ELRC_559 (npd.no.en-nb.tmx) (Euro-
pean Language Resource Coordination (ELRC),
2017), containing ~26,000 EN-NB sentence pairs
from official sources (last updated 22 Dec 2017).
Content spans drilling/production reports, license
announcements, ownership info, and regulatory
pages. The corpus is used for research; only code
and derived statistics/plots are shared.

3.2 Processing Pipeline

To ensure high-quality data, we validate, clean,
and split the corpus:

(A) Corpus Diagnostics (Raw). Prior to pre-
processing, we conduct corpus-level diagnostics
on the raw TMX data to evaluate sentence align-
ment quality. We analyze source and target token-
length distributions as well as EN-NO length
correlation. As shown in Figure 2, sentence
lengths exhibit a strong linear correlation with
a sharply peaked length-ratio distribution around
0.87 (NO/EN), indicating well-aligned sentence
pairs with minimal noise.

Text Length Distribution (English)

Target Text Length Distribution (Norwegian)

000

Figure 2: Corpus diagnostics on raw EN-NO pairs: token-
length distributions and source—target length correlation. The
tight diagonal structure confirms strong sentence-level align-
ment.

(B) Corpus Quality (OQS 2.0). To quantita-
tively validate the raw corpus, we compute the
Open Quality Score (OQS 2.0), a composite metric
aggregating six dimensions of parallel-data qual-
ity (Table 1). Semantic alignment is measured us-
ing LASER embeddings (Artetxe and Schwenk,

2019); the remaining dimensions are defined in
Appendix B. Each component reflects widely used
criteria in parallel corpus filtering, providing a
practical proxy for overall data quality. The “2.0”
designation reflects the version formulated for this
study; the equal-weight arithmetic mean is a sim-
plifying assumption, and correlation with human
quality judgments is left for future validation.

Dimension Score
Semantic alignment (LASER) 0.883
Completeness 1.000
Source uniqueness 0.997
Target uniqueness 0.994
Pair uniqueness 0.998
Domain relevance (term coverage)  0.983
Overall 0QS 0.976

Table 1: OQS 2.0 sub-scores characterizing the raw corpus
quality.

(C) Cleaning & De-duplication. We perform
minimal preprocessing: punctuation and whites-
pace normalization, removal of very short or non-
linguistic segments (<2 tokens), and exact de-
duplication at the source, target, and pair lev-
els. The high deduplication rate (30.9%) reflects
extensive template repetition inherent in regula-
tory institutional corpora, such as section headings
and standardised well-report boilerplate phrases.
A small proportion of target sentences contain
Nynorsk morphological markers (e.g., ikkje, vart);
Nynorsk is one of the two official written forms
of Norwegian alongside Bokmal, and these are re-
tained as they reflect the real-world distribution of
NPD documents.

The resulting corpus contains 17,414 EN-NO
sentence pairs, randomly split into 13,935 / 1,737
/1,742 (train/dev/test, 80/10/10) using a fixed ran-
dom seed (42). Overlap detection confirms zero
exact source-sentence overlap across splits.

3.3 Data Limitations

The corpus was last updated in 2017, so recent
petroleum terminology may be underrepresented.
The dataset exhibits a high template repetition rate
(30.9%), meaning that near-duplicate expressions
may exist despite exact sentence-level deduplica-
tion. As a result, n-gram-level overlap cannot be
fully excluded, and BLEU scores may be partially
inflated.

Importantly, all systems are evaluated on the
same held-out test set, ensuring that relative com-
parisons remain fair despite potential absolute



score inflation.

Future work should further investigate overlap
at the n-gram level and evaluate performance on
out-of-domain petroleum texts to better assess gen-
eralisability. No personal data is included in the
corpus; only code and aggregated statistics are re-
leased.

4 Baselines and Pretrained Models

To contextualize the performance of our LoRA-
adapted system, we evaluate both commercial
MT services and open-source pretrained mod-
els on the NPD EN—NO test set (1,742 seg-
ments). All NLLB-based systems are decoded
with beam size 5 and length penalty 1.0. We eval-
uate using three automatic metrics: BLEU (Pap-
ineni et al., 2002), chrF++ (Popovi¢, 2015), and
COMET (Unbabel/wmt22-comet-da; (Rei
etal., 2022)). COMET is computed independently
of decoding on the generated translations.

4.1 Commercial Baselines

We benchmark four widely used commercial sys-
tems: Microsoft Translator, DeepL API, Google
Cloud Translation, and OpenAl GPT-40-mini in
a zero-shot translation setting. All systems are
evaluated using default configurations without
domain-specific glossaries. Note that our model
is explicitly fine-tuned on in-domain NPD data,
whereas commercial systems are general-purpose
and trained on substantially larger and broader cor-
pora; this comparison is therefore indicative of
practical utility rather than a controlled evaluation
under equivalent training conditions. Detailed sys-
tem descriptions are provided in Appendix C.

Model BLEU chrF++ COMET
Microsoft Translator 57.88 75.45 0.9313
DeepL. API 54.53 74.29 0.9310
Google Translate 53.50 72.75 0.9288
GPT-40-mini (zero-shot)  43.23 64.93 09115

Table 2: Commercial MT baselines on the NPD EN—NO
test set.

Among commercial systems, Microsoft Trans-
lator achieves the highest performance across all
metrics, while DeepL. and Google Translate per-
form comparably with slightly lower BLEU and
chrF++ scores. GPT-40-mini shows substantially
weaker performance in the zero-shot setting, high-
lighting the limitations of general-purpose models
without domain adaptation.

4.2 Open-source Pretrained Models

We consider a range of multilingual pretrained
MT models, including NLLB-200, M2M100, and
OPUS-MT variants. An initial screening on 100
samples was conducted to rank models; full results
are reported in Appendix C. Based on this screen-
ing, we select the top three models for full evalua-
tion on the complete test set.

Model BLEU chrF++ COMET
NLLB-200-1.3B 39.38 63.60 0.8979
M2M100-1.2B 38.33 62.74 0.8896
NLLB-200-distilled-600M 36.86 61.29 0.8814

Table 3: Open-source pretrained baselines evaluated on the
full test set.

We adopt NLLB-200-distilled-600M as the
base model for LoRA adaptation for three rea-
sons: (i) competitive semantic adequacy despite
its smaller size (COMET = 0.8814), (ii) efficient
resource usage (< 16 GB VRAM), enabling ex-
tensive hyperparameter exploration, and (iii) suffi-
cient headroom for improvement, as indicated by
its lower zero-shot performance.

5 Experimental Setup

Following the three-stage framework out-
lined in Section 1, all experiments use
facebook/nllb-200-distilled-600M
(NLLB Team et al., 2022) with LoRA (Hu et al.,
2022) applied to all attention projection layers (Q,
K, V, O). Training is implemented in PyTorch with
Hugging Face Transformers (Wolf et al., 2020)
and the PEFT library (Mangrulkar et al., 2022),
using FP16 precision on NVIDIA T4 GPUs. All
experiments are tracked via Weights & Biases
(Biewald, 2020).

5.1 Experiment 1: Data Scaling

This experiment investigates how translation per-
formance scales with training data size, aiming to
identify a data-efficient subset before conducting
costly hyperparameter searches.

5.1.1 Dataset and Sampling

We use the English (eng_Latn) to Norwegian
Bokmal (nob_Latn) parallel corpus described in
Section 3. The training split contains 13,935 sen-
tence pairs, from which subsets of varying sizes
(100, 500, 1,000, 2,000, 4,000, 6,000, 8,000,
10,000, and the full set) are randomly sampled
without replacement. The validation and test splits



contain 1,737 and 1,742 instances respectively,
with the test set strictly held out for final evalua-
tion in Experiment 3. All sequences are tokenized
with a maximum length of 128 tokens.

To ensure robustness and account for variability
from random initialization and data shuffling, we
conduct three independent runs per training sub-
set, using different random seeds (42, 123, 456).
Results are reported as the mean and standard de-
viation across these three runs, providing reliable
estimates of model performance and variance.

5.1.2

Key hyperparameters are summarized in Ta-
ble 4. All models are trained for 3 epochs with gra-
dient accumulation yielding an effective batch size
of 16. Model performance is evaluated on the vali-
dation set using BLEU, chrF++, and cross-entropy
loss.

Training Configuration

Hyperparameter Setting
LoRA rank (7) 16
LoRA scaling (o) 32
LoRA dropout 0.1
Training epochs 3

Batch size (x accumulation) 16 (4)
Learning rate 5x 1074
Weight decay 0.01
Precision FP16

Evaluation interval every 200 steps

Table 4: Key training hyperparameters used in Experiment 1.

5.1.3 Evaluation

Model performance is evaluated on the valida-
tion set using BLEU (Papineni et al., 2002) and
chrF (Popovié, 2015). Cross-entropy loss is mon-
itored to ensure training convergence. Learning
curves and data efficiency plots are generated to
visualize performance gains as training data size
increases.

5.2 Experiment 2: Hyperparameter
Optimization

Building on the data scaling results, we system-
atically investigate the impact of LoRA rank (7),
scaling factor (), and dropout on translation qual-
ity using the 8,000-sample subset identified in Ex-
periment 1.

We explore the hyperparameter space using two
complementary strategies: grid search for system-

atic coverage and Optuna with ASHA pruning
(Akiba et al., 2019; Li et al., 2018) for efficient
convergence.

Table 5 summarizes the search spaces and fixed
parameters shared across both methods.

Hyperparameter Grid Optuna
LoRA rank (1) 8,16,32 {8,16,32} (discrete)
LoRA scaling () 16,32,64 [16,64] (log-uniform)
LoRA dropout 0.0,0.1,0.2 [0.0,0.2] (uniform)
Learning rate 5e-5,1e-4,5e-4 [Se-5,5e-4] (log-uniform)
Batch size 48,16 {4,8,16} (discrete)
Fixed (both methods):

Grad. accumulation 4

Training epochs 3

Weight decay 0.01

LoRA layers QK,V,0

Table 5: Hyperparameter search spaces for grid search (27
configs) and Optuna-ASHA (50 trials). Fixed parameters are
shared.

5.2.1 Grid Search (2a)

A systematic grid search covers 27 discrete con-
figurations, formed by the full Cartesian product
of three ranks (r € {8, 16, 32}), three scaling fac-
tors (« € {16,32,64}), and three dropout rates
(p € {0.0,0.1,0.2}). Each configuration is run
once on the 8,000-sample subset due to compu-
tational constraints, as this stage is intended for
coarse-grained landscape mapping rather than pre-
cise ranking of configurations. The scaling fac-
tor v controls the magnitude of the LoRA update
relative to the pre-trained weights: the effective
update is scaled by <, meaning higher o ampli-
fies the adapter’s influence on the model output.
A larger - ratio thus allows the adapter to make
more aggressive updates during fine-tuning, which
is particularly beneficial when adapting to a do-
main with substantial lexical shift, as in petroleum-
domain translation.

5.2.2 Optuna with ASHA Pruning (2b)

To cross-validate the grid search findings and
explore the parameter space more efficiently, we
conduct an independent search using Optuna (Ak-
iba et al., 2019) with ASHA pruning (Li et al.,
2018). Optuna offers three advantages over grid
search in this setting: (i) it samples across con-
tinuous parameter ranges rather than fixed grid
points, enabling finer-grained exploration; (ii) its
Bayesian-inspired sampler guides subsequent tri-
als toward promising regions based on prior re-
sults, improving sample efficiency; and (iii) ASHA
pruning terminates underperforming trials early,
reallocating compute to configurations with higher



potential. Crucially, by treating the two methods
as independent searches converging on the same
answer, we obtain stronger evidence that the iden-
tified optimum is robust rather than an artefact of
one particular search strategy.

The search proceeds in two stages. Stage 1 runs
50 trials on a 2,000-sample subset (33 GPU hours).
Using a smaller subset at this stage allows rapid
screening of the continuous parameter space while
keeping compute tractable. ASHA pruning termi-
nates roughly half of underperforming trials early
based on intermediate validation BLEU, focusing
resources on promising regions. We adopt a multi-
objective criterion jointly maximising BLEU and
chrF. Although these two metrics are highly cor-
related n-gram-based measures, retaining both ob-
jectives reduces over-indexing on a single metric
and improves stability of the Pareto front under
stochastic noise. We select the top three config-
urations based on their harmonic mean score.

Stage 2 retrains each of the three Pareto-optimal
configurations three times on the full 8,000-sample
subset using different random seeds (18 GPU
hours). This step assesses stability and filters out
configurations whose Stage 1 performance was in-
flated by favourable random initialisation. The fi-
nal configuration is selected based on mean valida-
tion BLEU across the three seeds.

5.3 Experiment 3: Final Model Training

Using the optimal configuration from Experiment
2 (r = 8,a = 64, dropout = 0.0), the final model
is trained on the full 13,935-sample training set for
3 epochs with early stopping (patience=3 evalua-
tion steps). Evaluation is performed on the 1,742-
sample held-out test set using BLEU, chrF++, and
COMET.

6 Results and Analysis

6.1 Experiment 1: Data Scaling

In the data scaling experiment, we investigated
how translation performance scales with the
amount of training data. Table 7 reports results
for subsets ranging from 100 to 13,935 sentence
pairs, while Figure 3 plots the corresponding learn-
ing curves. Our analysis reveals a distinct three-
phase learning process.

Phase 1: High Efficiency in Low-Resource
Regime. The model exhibits exceptional data ef-
ficiency at smaller scales. When training data
increases from 100 to 2,000 samples, the mean

Hyperparameter Value

Optimized parameters (vs. Exp 1):
LoRA rank (r) 8 (was 16)
LoRA scaling («) 64 (was 32)
LoRA dropout 0.0 (was 0.1)

Learning rate 5x 1074

Batch size (per device) 4
Gradient accumulation 4

Effective batch size 16

Training epochs 3

Early stopping patience 3 evaluation steps
LoRA layers Q. K,V,0
Precision FP16

Evaluation interval
Checkpoint interval

every 200 steps
every 400 steps

Table 6: Final model configuration. Bold indicates optimized
parameters from Experiment 2.

BLEU score jumps dramatically from 8.74 to
53.21, whereas the validation loss decreases signif-
icantly from 4.903 to 0.861. This progress shows
that the model rapidly acquires domain-specific
knowledge. As shown in Figure 3, the marginal
BLEU gain exceeds 87 per 1,000 samples in the
100-to-500 sample range.

Phase 2: Diminishing Returns. Beyond 2,000
samples, marginal gains decrease substantially.
After 4,000 samples, the BLEU gain per 1,000
samples falls below 5. Although the validation
loss continues to decline, the rate of improvement
slows, implying the model is shifting from learn-
ing fundamental patterns to refining more nuanced
ones. Increasing the dataset from 10,000 to the
full 13,935 pairs, for instance, yields only a 1.5
improvement in BLEU, highlighting a significant
reduction in data efficiency.

Phase 3: Cost-Performance Trade-off. Train-
ing on the full dataset yields the highest BLEU of
61.62. We set a practical target of 95% of this
value (58.54) to balance performance and compu-
tational cost. The 8,000-sample subset is the first
to surpass this threshold, attaining over 96% of the
maximum performance with only 57% of the to-
tal training data. This subset thus provides an ef-
fective balance between accuracy and computation
and was selected for the subsequent hyperparame-
ter analysis in Experiment 2.

6.2 Experiment 2: Parameter Sensitivity

Using the 8,000-sample subset identified in Exper-
iment 1, we examined how LoRA hyperparameters
affect translation quality via two complementary
search methods: an exhaustive grid search for sys-



Sample Size BLEU + Std chrF + Std Loss + Std

100 8.74 (£0.01) 2538 (20.038)  4.903 (£0.0025)
500 43.37 (£0.61)  66.42 (£0.421)  1.209 (+0.0048)
1,000 49.60 (+0.60)  70.57 (+0.436)  1.003 (+0.0089)
2,000 53.21 (0.15)  73.28 (0.119)  0.861 (£0.0040)
4,000 54.40 (x0.46)  74.06 (£0.247)  0.814 (£0.0021)
6,000 57.18 (£0.18)  75.71 (0.109)  0.741 (+0.0024)
8,000 59.13 (£0.37)  76.90 (x0.134)  0.702 (+0.0031)
10,000 60.11 (x0.36)  77.44 (£0.049)  0.675 (£0.0007)
13,935 61.62 (+0.00)  78.26 (0.000)  0.639 (+0.0000)

Table 7: Performance across training data subsets. Mean values and standard deviations (Std) are calculated over three trials.
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tematic landscape mapping, and an Optuna-ASHA
search for targeted optimization. The two meth-
ods required comparable compute (54 vs. 51 GPU
hours) and, crucially, converged on the same opti-
mal configuration, providing mutual validation of
the results.

6.2.1 Grid Search (2a): Mapping the
Hyperparameter Landscape

We first conducted a grid search covering 27 dis-
crete configurations of LoRA rank (), scaling fac-
tor (o), and dropout rate. The objective was not
merely to locate a single best-performing setting,
but to systematically map the broader hyperparam-
eter landscape and identify dominant and interact-
ing effects among these variables.

Figure 4 visualizes the validation BLEU scores
for each (r, ) pair across different dropout levels,
while Figure 5 summarizes the aggregated main
effects of individual parameters.

From the grid search results, we make three key
observations:

* Scaling factor (o) dominates. Higher «
consistently yields better BLEU scores, with

clear improvement from o = 16 to o« = 64.

* Rank () interacts with a.. On average, r has
little effect, but the heatmaps show the best
single-run BLEU occurs at 7 = 8 with o =

64.

* Dropout has a mild effect. A dropout of 0.0
produced the highest average BLEU, while
larger dropout slightly reduced performance.

The best single-run configuration observed is
summarized in Table 8:

r

Dropout BLEU chrF / Loss

& 64

0.0 57.16  75.46/0.7396

Table 8: Grid Search Single-Run Best Configuration.

In summary, the grid search provides a useful

but noisy overview of the parameter space. Since
each setting was evaluated only once, results re-
main sensitive to stochastic variation and do not
ensure stability.
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6.2.2 Optuna with ASHA Pruning (2b):
Efficient and Targeted Optimization

To cross-validate the grid search findings, we
conducted an independent Optuna-ASHA search
as described in Section 5.2. The Optuna study con-
firmed the grid search trends. As shown in Fig-
ure 6, LoORA Alpha (a) dominated (importance =
0.973), while Rank (r) and Dropout had minimal
impact (0.019 and 0.008, respectively).
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Figure 6: Relative hyperparameter importance from the Op-
tuna study estimated using fANOVA (Hutter et al., 2014).
LoRA Alpha () dominates, while Rank (r) and Dropout con-
tribute marginally.

To further investigate performance trade-offs,
we adopted a multi-objective optimization

framework to jointly maximize BLEU and chrF
scores. Each completed trial is shown in Figure 7,
with red points marking non-dominated (Pareto-
optimal) solutions and the starred configuration de-
noting the final model selected based on the har-
monic mean of BLEU and chrF.

Pareto Front for BLEU and chrF Scores

095 *

090

chrF Score

0520 0525 0530 0535 0540
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Figure 7: Pareto front of BLEU and chrF scores from the
Optuna study. Red points indicate Pareto-optimal solutions,
while the starred configuration marks the final selected model.

Stage 2 validation confirmed that the selected
configuration (r = 8, «a = 64,dropout = 0.0)
consistently achieved strong performance across
three runs with different random seeds, demon-
strating stable convergence. The results were in
line with the grid search findings. Detailed results
are presented in Table 9.



Run r o Dropout Val BLEU Val chrF
1 8 64 0.0 60.33 77.64
2 8 64 0.0 60.61 71.76
3 8 64 0.0 60.11 77.51

Table 9: Stage 2 validation results for the selected configu-
ration (r = 8, @ = 64, dropout= 0.0) on the 8,000-sample
subset. Each run used a different random seed.

In summary, Stage 1 explored the hyperparam-
eter space, producing a Pareto-optimal set of can-
didates, while Stage 2 validated the top configura-
tion for stability and robustness. The results con-
firmed consistency with the grid search, providing
a well-balanced, computationally efficient config-
uration for final model training and evaluation.

6.3 Experiment 3: Final Model Performance
and Analysis

The final stage involved training the definitive
model using the optimal configuration identified in
Experiment 2 (r = 8, @ = 64, dropout = 0.0).
This setup was applied to the full training set of
13,935 English—-Norwegian sentence pairs. The re-
sulting model was evaluated on the held-out test
set to assess its practical performance against both
open-source and commercial baselines.

Table 10 summarizes the performance of our
final model against open-source and commercial
baselines.

surpasses commercial systems on key lexical and
fluency metrics (BLEU and chrF++), while main-
taining comparable semantic adequacy (COMET).
We note that COMET scores across the top four
systems converge within a 0.002 range (0.9288-
0.9313), suggesting that semantic adequacy may
be near-ceiling for this test set and that BLEU
and chrF++ are more discriminative at this perfor-
mance level. Furthermore, the human error anal-
ysis was conducted only on our fine-tuned model;
extending it to commercial baselines—particularly
Microsoft Translator—would be needed to directly
compare critical error rates, and is left for future
work.

6.3.1 Comparison with Full Fine-Tuning

To contextualise LoRA’s parameter efficiency
under controlled conditions, we compare both
methods using standard, untuned configurations:
LoRA with r = 16, a = 32, dropout= 0.1, Ir=
5 x 1074, and full fine-tuning with Ir= 2 x 1072,
Both methods use identical batch size (4) and gra-
dient accumulation (4); neither undergoes dedi-
cated hyperparameter search, ensuring a fair as-
sessment at equivalent tuning effort.

Three patterns emerge from Table 11. At 1,000
samples both methods perform on par (A =
—0.04), suggesting the adapter bottleneck does
not constrain learning in extreme low-resource set-
tings. The gap peaks at 4,000 samples (A =
+0.85) and narrows consistently thereafter, con-

Model BLEU chrF++ COMET
Our Fine-tuned Model sistent with full fine-tuning’s larger parameter ca-

Final Model (Optimized) 61.48 »1 0929 ~ pacity benefiting more from additional data. LoORA
vs. Open-source Baseline :

NLI B-600M (Zoro-shot) 26.86 6129 0.8814 also shows lower variance across'see.:ds (e.g. +0.02
A (absolute) +24.62 +17.90 +0.048 vs. £0.44 at 10,000 samples), indicating greater
vs. Commercial Systems training stability. The maximum observed gap re-

Microsoft Translator 57.88 (+6.2%) 75.45 0.9313 . . .

A (absolute) +3.60 +3.74 —0.002  mains under one BLEU point, confirming LoRA

DeepL API 54.53 (+12.8%) 74.29 0.9310 : . ; : .
A (absolute) oos 400 “ooo1 3sa viable, parameter: efﬁgent altergatlve for spe

Google Translate 5350 (+15.1%) 7275 0.9288 cialized, resource-constrained domains.

A (absolute) +7.98 +6.44 +0.001

ChatGPT (GPT-4o-mini) ~ 43.23 (+42.2%) 64.93 09115 -

A (absolute) +18.25 +14.26 +0.018 Size LoRABLEU  Full FT BLEU A
) 1,000 49.124+0.12 49.094+0.11 —0.04

Table 10: Final performance on the NPD EN—NO test set 2,000 52.98+0.18 53.25+0.11 40.28

(1,742 segments). Relative BLEU improvements are shown 4,000 54.36+0.17 5522 +0.16 +0.85

in parentheses. 6,000 57.13+£0.30 57.78 £0.21 +0.65

8,000 58.65 +£0.02 59.18£0.03 +0.53

.. . 10,000 59.574+0.20 59.64 +0.44 0.07

The optimized model achieved a BLEU score 13.935  6130+0.15 6154+ 0.02 10_24
of 61.48, a chrF++ score of 79.19, and a COMET

score of 0.9298 on the held-out test set. These re-  Table 11: LoRA vs. Full FT: test BLEU across data sizes

sults are consistent with the validation outcomes,
indicating strong generalization and minimal over-
fitting. Notably, the model outperforms the open-
source baseline by a large margin and reaches or

(mean =+ std over three seeds). A = Full FT — LoRA.
Both methods use default, untuned configurations; the higher
BLEU in Table 10 (61.48) is due to the optimized hyperpa-
rameters identified in Experiment 2.



6.4 Human Error Analysis

To complement automatic metrics, we manually
reviewed 50 stratified test sentences (2.9% of
1,742) sampled by BLEU score (low/mid/high
quality tiers). A domain expert classified errors
into eight categories (Word Choice, Terminology,
Grammar, Variant Mixing, Numbers/Units, Proper
Nouns, Punctuation, Formatting) and three sever-
ity levels: Minor (stylistic), Major (clarity re-
duced), and Critical (meaning distorted). Two an-
notators labeled the data independently, achieving
substantial agreement (Cohen’s x = 0.71 for error
type, k = 0.61 for severity) (Cohen, 1960).

6.4.1 Results

41 sentences (82%) contained at least one er-
ror, yielding 62 error instances across eight cat-
egories (Table 12). Most (83%) were Minor, re-
flecting acceptable lexical/stylistic variants. How-
ever, 12% were Critical—wrong years (2002 vs.
2005), reversed directions (sgrvest vs. sgrgst), or
incorrect terminology (nydpning “new opening”
vs. gjendpning “reopening”). Word Choice (40%)
and Variant Mixing (19%) dominated error distri-
bution. BLEU correlated with error presence but
failed to detect several Critical semantic errors at
high scores, confirming n-gram limitations.

Error Type Count %
‘Word Choice 25 40.3
Variant Mixing 12 194
Grammar 8 12.9
Terminology 7 11.3
Punctuation 4 6.5
Other (Proper Nouns, Formatting, Numbers) 6 9.6
Total 62 100

Table 12: Error type frequency (N=62 instances).

Critical errors altered factual or technical mean-
ing: Directional error: model produced sgrvest
(southwest) instead of s¢rgst (southeast), revers-
ing a drilling location. Terminology confu-
sion: nydpning (new opening) vs. gjendpning
(reopening)—two operationally distinct concepts.
Year errors: hallucinated year (2002 vs. 2005) or
generic temporal reference (i fjor) instead of a spe-
cific year (i 2006). Nonsense term: sokkelhisten
instead of sokkelskrdningen. Error examples for
Critical, Major, and Minor categories are in Ap-
pendix D.

6.4.2 Implications

Human evaluation is essential for detecting
domain-critical errors that automatic metrics miss.
Recommended mitigations include constraints on
terminology, control of linguistic variety, and pro-
tection of numeric tokens.

7 Conclusion

We propose a three-stage, parameter-efficient
adaptation of NLLB-600M for English—
Norwegian Bokmal petroleum translation.
The framework demonstrates that systematic
data selection and hyperparameter tuning can
yield production-quality domain-specific MT at
a fraction of the cost of full fine-tuning, while
remaining competitive with leading commercial
systems. Code and a live demo are provided in
Appendix A.

8 Limitations and Future Work

Scope and Generalisability. Experiments are
limited to EN—NO Bokmal petroleum texts from
a single source (17,414 pairs); findings may not
generalise to other domains or language pairs.
Commercial systems may also have been exposed
to in-domain data during training, making com-
parisons indicative rather than controlled. Future
work should validate the framework on additional
domains (e.g., legal, medical) and investigate con-
tinual adaptation strategies for incorporating up-
dated NPD documents without full retraining.

Linguistic and Evaluation Limitations. A
small proportion of target sentences contain
Nynorsk morphological markers, contributing to
19.4% of observed errors; variant-aware fine-
tuning and glossary-constrained decoding are left
for future work. Human evaluation was limited to
50 sentences and not applied to commercial sys-
tems, precluding direct comparison of critical error
rates. Domain-specific metrics capturing terminol-
ogy consistency and factual correctness remain an
open challenge.

9 Ethical Considerations

ELRC_559 is derived from publicly available NPD
materials under open licensing and contains no
personal data. Model weights are not released;
only code and aggregated results are shared. Prac-
titioners using commercial MT APIs for propri-
etary data should assess associated privacy risks.
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A Resources

All code, training scripts, and evaluation
pipelines are publicly available at https:
//github.com/Entropyobserver/
lora—-nmt-petroleum. An interactive trans-
lation demo of the final model is accessible
at https://huggingface.co/spaces/
entropy25/mt.

B Open Quality Score (OQS 2.0)
Formulation

To provide a reproducible quantitative assessment
of parallel corpus quality, we adopt the Open Qual-
ity Score (OQS 2.0). This metric evaluates multiple
aspects of alignment, completeness, diversity, and
domain relevance, producing a scalar in the range
[0, 1].

B.1 Formal Definition

Let the parallel corpus be denoted as D =
{(xs, i)}, where z; and y; are source and target
sentences, and N is the total number of sentence
pairs. The overall OQS is defined as the arithmetic
mean of six normalized dimensions sj, € [0, 1]:

0Qs(D) = éZSk (1)

k=1

Higher values indicate better corpus quality.

B.2 Quality Dimension Derivations

The six quality dimensions are rigorously defined
as follows:

1. Semantic Alignment (s;). Measured as
the mean cosine similarity between source
and target LASER embeddings (Artetxe and
Schwenk, 2019):

| N
s1= Zcos (E(z), E(yi)) (@
i=1

2. Completeness (s2). Fraction of sentence
pairs with non-empty source and target:

N
1
27N leﬂxz’ > Oand [yi[ > 0)  (3)

where I(+) is the indicator function.

3. Source Uniqueness (s3), Target Uniqueness
(s4), Pair Uniqueness (s5). One minus the
duplication rate at source, target, and pair lev-

els:
1y = lmigue({r.) W
o oniael()) s
o5 = !unique({]\(fﬂfu yi)})| ©)

4. Domain Relevance (sg). Fraction of
petroleum-domain terms from a curated lex-
icon L that appear in the corpus:

{te L|3(r,y) €D, t €xUy}
T Z]

@)
Each term in L counts as matched if it occurs
in at least one sentence pair.

All six sub-scores are normalized to [0, 1],
with higher values indicating better corpus qual-
ity. Equation (1) then aggregates them into a sin-
gle OQS score, suitable for corpus profiling and
comparison across datasets.

B.3 Notes for Reproducibility
* 51 uses pre-computed LASER embeddings;

corpus-level mean is applied.

* 5o checks non-empty tokens after tokeniza-
tion consistent with model preprocessing.

* s3—s5 count exact string matches after
lightweight normalization (lowercasing,
whitespace trimming).
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* s¢ requires a fixed domain lexicon; in our
study, it was curated from NPD resources.

Using this formulation, one can reproduce the
OQS 2.0 reported in the main text (OQS = 0.976
for our raw EN-NO corpus).

C Baseline System Details

C.1 Commercial MT Systems

Microsoft Translator (Azure) Neural MT ser-
vice with broad language coverage and enterprise
features such as terminology glossaries and Cus-
tom Translator. We use the default quality-oriented
setting without custom glossaries. Strength: sta-
ble adequacy and terminology consistency. Lim-
itation: domain adaptation requires additional re-
sources.

DeepL. API High-quality MT system optimized
for European languages. Default settings without
glossaries are used. Strength: fluent and natural
outputs. Limitation: domain-specific terminology
and units may drift.

Google Cloud Translation (NMT v3) General-
purpose neural MT system with wide language
coverage. Strength: robustness and scalability.
Limitation: weaker terminology consistency in
specialized petroleum texts.

OpenAl GPT-40-mini General-purpose LLM
used for zero-shot translation via prompting.
Strength: good semantic adequacy. Limitation:
non-MT-specific decoding; prone to paraphrasing
and inconsistent handling of numbers and units.

C.2  Open-source Model Quick Screening

To obtain a low-cost preliminary ranking, we eval-
uate five multilingual models on a randomly sam-
pled 100-sentence subset of the test data. This step
also serves as a sanity check for tokenization and
language tag handling.

Model BLEU chrF++ COMET
NLLB-200-1.3B 42.20 66.75 0.8951
M2M100-1.2B 39.18 63.56 0.8816
NLLB-200-distilled-600M  37.46 62.85 0.8768
OPUS-MT 34.40 60.75 0.8576
M2M100-418M 31.67 57.82 0.8178

Table 13: Quick screening results on a 100-sentence subset.

C.3 Model Descriptions

NLLB-200-1.3B (Meta) A 1.3B-parameter mul-
tilingual model covering 200 languages with ex-
plicit language tags. Strong zero-shot performance
but high computational cost.

M2M100-1.2B (Meta) Many-to-many MT
model trained on 100 languages, enabling direct
non-English translation.

NLLB-200-distilled-600M (Meta) A distilled
600M-parameter variant of NLLB-200, offering a
favorable performance—efficiency trade-off.

OPUS-MT (Helsinki-NLP) MarianMT-based
model targeting North Germanic languages
(en-gmq).

M2M100-418M (Meta) Smaller M2M100 vari-
ant used as a lower-bound baseline.

D Error Analysis Examples

D.1 Critical Errors

Critical errors altered factual content or technical
meaning, with potential operational consequences
in petroleum documentation:

Nonsense term (Sample #4): Model produced
sokkelhisten instead of sokkelskraningen (shelf
slope), rendering the geological reference incom-

prehensible.

Terminology confusion (Sample #12):
Nydapning (new opening) vs. Gjendpning
(reopening)—two operationally distinct con-

cepts with different regulatory implications in
petroleum licensing.

Directional error (Sample #16): Model pro-
duced sgrvest (southwest) instead of sgrgst (south-
east), reversing the drilling location relative to the
Sleipner @st field.

Generic temporal reference (Sample #37): i
Sfjor (last year) instead of the specific i 2006, los-
ing precision required in regulatory production re-
ports.

Year hallucination (Sample #38): Model pro-
duced year 2002 instead of the correct 2005, intro-
ducing a factually incorrect temporal reference in
a production volume statement.

D.2 Major Errors

Major errors preserved core meaning but reduced
professional quality:

Variant Mixing + Terminology (Sample #3):
Mixed Bokmal (ble boret, havdyp) and Nynorsk



(vart bora, vanndjubde) forms, with imprecise
geological term sen paleozo instead of sein-
paleozoisk. Comprehensible but stylistically in-
consistent.

Grammar + Word Choice (Sample #14):
Non-idiomatic phrase (bak vellykket pd), wrong
word choice (arrangementer vs. begivenheter),
and missing punctuation reduced fluency and clar-

1ty.
D.3 Minor Errors

Minor errors were primarily lexical or stylistic
variations not affecting comprehension:

Word Choice (Sample #1): Konglomeratzonen
vs. Den konglomeratiske sonen—both correct; ref-
erence slightly more formal.

Variant Mixing (Sample #9): Mixed Norwe-
gian varieties (millioner + ldgare vs. millionar +
mindre); comprehensible despite inconsistency.

Punctuation (Sample #8): Missing comma af-
ter Barentshavet; trivial formatting difference.

D.4 Perfect Translations

Nine samples (18%) achieved BLEU=1.0, typi-
cally shorter or formulaic sentences with standard
terminology:

Sample #5: “Contact in the NDP Qystein
Dretvik, tel.” — Kontaktperson i Oljedirektoratet
@ystein Dretvik, tlf.

Sample #7: “The West Alpha is currently
drilling well 6406/6-2 for Shell in the Norwegian
Sea.” — West Alpha borer for tiden brgnn 6406/6-
2 for Shell i Norskehavet.
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