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Abstract

Valencian, the Western Catalan variety used
in the Valencian Community of Spain, lacks
a dedicated language code in most multi-
lingual machine translation (MT) systems,
and is systematically rendered closer to the
standard written Eastern Catalan used in
Catalonia. We address this gap by adapt-
ing TranslateGemma-4B-IT, a 4-billion-
parameter instruction-tuned (IT) large lan-
guage model (LLM) specialized for trans-
lation, via three post-training strategies
using only public corpora and Quantized
Low-Rank Adaptation (QLoRA): (i) super-
vised fine-tuning (SFT); (ii) Group Rela-
tive Policy Optimization (GRPO), a rein-
forcement learning (RL) technique, with
chrF plus a naturalness reward (GRPOV1);
and (iii) GRPO with a composite automatic-
metric reward (GRPOV2). Our results sug-
gest that reward-function alignment with
the target dialect is a key determinant of RL
success in low-resource dialectal MT.

1 Introduction

Valencian belongs to the Western branch of the
Catalan language family and holds official status
alongside Spanish (ES) in the Valencian Commu-
nity.

Its morphological and lexical properties diverge
in important ways from the standard written East-
ern Catalan used in Catalonia. Among the most fre-
quent contrasts are verbal morphology (nearly all
subjunctive forms differ, e.g. diga/digui) and third-
person possessives (seua/seu vs. seva/seu). Some
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temporal and lexical items also differ: hui/avui,
xicotet/petit, vorelveure.

In current NLP practice, however, these two vari-
eties are conflated under the ISO 639-1 code “ca’:
most parallel corpora assign this label to the stan-
dard written Eastern Catalan used in Catalonia, and
translation models include no dialect-specific code.
Although Valencian does hold a dedicated code in
the finer-grained ISO 639-6 standard (v1ca), and
several open-source software packages already em-
ploy this variety, these dialectal identifiers remain
unsupported by major MT frameworks.

TranslateGemma-4B-IT (Finkelstein et al.,
2026) is a representative example of this limitation.
The model conditions on a target_lang_code
prompt field, but only “ca” is available for the
entire Catalan continuum. Zero-shot prompting
with this code predominantly produces Eastern
Catalan morphological forms regardless of the
user’s intended regional target.

Adapting such a model without full fine-tuning,
without proprietary data, and without sufficient
computational resources poses a realistic challenge
for practitioners working on regional varieties, and
thus constitutes the central motivation of this pa-
per!.

We make three specific contributions. First, we
establish a reproducible QLoRA-based SFT ap-
proach for the ES-VLCA direction, where QLoRA,
an efficient fine-tuning method that applies low-
rank adapters to quantized models, substantially
closes the zero-shot quality gap. Second, we con-
duct a systematic comparison of two GRPO reward
designs for dialectal MT: one that incorporates a
learned naturalness classifier, and one relying on
automatic reference-based metrics and type-token

LCode available at https://github.com/
guerreropaula/spanish-valencian-mt-rl.


https://github.com/guerreropaula/spanish-valencian-mt-rl
https://github.com/guerreropaula/spanish-valencian-mt-rl

ratio (TTR). Third, we introduce a dialectal Va-
lencian score (DVS) as a complementary evalua-
tion axis alongside standard MT metrics, and use
it to demonstrate that the reward design choice has
opposing consequences for translation quality and
dialect production.

2 Background

Dialectal and low-resource MT. Neural ap-
proaches to dialectal variation have progressed from
rule-based dialectal preprocessing pipelines (Sal-
loum and Habash, 2012) to unified neural mod-
els that utilize multitask learning (Baniata et al.,
2018). Nevertheless, much of the research in dialec-
tal MT has primarily focused on Arabic varieties.
Regarding the Iberian languages, there is compara-
tively little prior work, and systems addressing the
Catalan—Valencian divergence have received lim-
ited attention despite the growing availability of
resources from the AINA initiative (Villegas, 2023)
and the PlanTL-GOB-ES corpora (Secretaria de
Estado de Telecomunicaciones y Sociedad de la
Informacién, 2015). In this context, Apertium (For-
cada et al., 2011), an open-source rule-based MT
platform currently used by several Valencian insti-
tutions, represents one of the main references for
Valencian MT.

The most closely related prior work is
Galiano Jiménez et al. (2024), who developed sys-
tems for the WMT 2024 shared task on translation
into low-resource languages of Spain, exploiting
Valencian and Catalan as auxiliary transfer-learning
languages. Our approach differs in that we target
ES—VLCA directly, adapt a translation-specialized
LLM via QLoRA-based post-training rather than
building dedicated MT pipelines, and introduce a
comparison of RL reward designs for dialectal adap-
tation. The challenge is compounded by the fact
that the two varieties share a large common vocabu-
lary, so models trained on standard Eastern Catalan
can achieve acceptable metric scores on Valencian
test sets while still producing incorrect morphologi-
cal forms.

RL for MT refinement. Sequence-level training
with automatic metrics such as BLEU (Papineni et
al., 2002) and ROUGE (Lin and Hovy, 2003) as a
reward was proposed by Ranzato et al. (2016) and
extended to human preference signals by Kreutzer
et al. (2018). Wu et al. (2018) provide a system-
atic study of RL training strategies for neural MT
(NMT), showing that reward shaping—the practice

of designing intermediate rewards to guide policy
updates—and baseline design are critical for sta-
ble training. Work using quality-aware decoding
with learning-based metrics such as COMET and
BLEURT (Rei et al., 2020; Sellam et al., 2020) has
further shown that these metrics capture translation
quality better than n-gram overlap alone (Fernan-
des et al., 2022). In this context, GRPO (Shao et
al., 2024), originally developed for mathematical
reasoning, eliminates the value network (critic) by
normalizing rewards within sampled output groups,
therefore reducing memory requirements and mak-
ing it tractable for billion-parameter models under
constrained hardware. Recent work has applied
similar RL objectives to GRPO directly to MT, in-
cluding Feng et al. (2025) and the WMT 2025 sub-
mission by Wang et al. (2025), further highlighting
the growing adoption of RL-based refinement meth-
ods for translation LLMs.

Naturalness in MT. Improving the naturalness
and fluency of MT output is a distinct and under-
studied goal. MT outputs exhibit reduced lexical di-
versity and increased source-language interference
compared to human translation: what is referred
to as machine translationese (Vanmassenhove et
al., 2021). Metrics such as TTR and MTLD are
designed to capture such effects. In parallel, Lai et
al. (2025) propose an RL-based alignment frame-
work for neural MT that uses COMET and binary
classifiers—trained on human translation (HT), ma-
chine translation (MT), and original target-language
data (OR)—as reward models to approximate hu-
man preference. Their findings directly motivate
both the TTR component in our GRPOV?2 reward
and our decision to test a learned HT/MT natural-
ness classifier as part of the GRPOV1 reward.

Parameter-efficient fine-tuning. Low-Rank
Adaptation (LoRA) (Hu et al., 2022) constrains
weight updates to low-rank decompositions; com-
bined with 4-bit NF4 quantization as in Quantized
LoRA (QLoRA) (Dettmers et al., 2023), it enables
adaptation of multi-billion-parameter models on a
single GPU, which is the hardware regime assumed
throughout this work. We therefore adopt this
approach in our experiments.

3 System description

3.1 Training pipeline overview

Figure 1 illustrates the two training pipelines inves-
tigated. Both share an SFT stage that adapts the



base model to the ES—-VLCA direction; they diverge
only in the subsequent GRPO reward design.
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Figure 1: Training pipelines. Both share the SFT stage and dif-
fer only in the GRPO reward signal applied thereafter; Pipeline
B performs best.

3.2 Base model

TranslateGemma-4B-IT (Finkelstein et al., 2026)
is a 4-billion-parameter instruction-tuned model
pre-trained to optimize translation quality across
55 languages. Following the authors’ specification,
we use the structured JSON template with “ca” as
target language code throughout all experimental
conditions; no Valencian-specific code is available.

3.3 Data

SFT corpus. We use the GPLSI AMIC parallel
dataset,> which provides 50,000 ES~VLCA sen-
tence pairs sourced from news articles published
by the Associacio de Mitjans d’Informacié i Co-
municacié (AMIC). The target Valencian side ex-
poses the model to the morpho-lexical features that
distinguish the desired variety from other Catalan
varieties.

GRPO corpus. The Spanish source side of the
same corpus is reused for RL training: 5,000 sen-
tences for GRPOV1 and 10,000 for GRPOV2.
These subsets are randomly sampled from the
50,000 pairs. The smaller corpus for GRPOV1
reflects the higher per-step computational cost of
the classifier reward, which made training on more
sentences infeasible given the available hardware.
Note that this difference in corpus size means the
two GRPO variants are not fully matched in com-
pute; readers should bear this in mind when com-
paring their results directly. Valencian references
are used solely to compute reward signals and are
never provided to the policy as decoding context.

https://huggingface.co/datasets/gplsi/
amic_parallel

HT/MT classifier training data. The naturalness
classifier, further explained in Section 3.6, is trained
on professional human translations drawn from
TildeMODEL (general), DOGC (official/legal), and
Europarl (parliamentary), paired with MT outputs
from OPUS-MT (Tiedemann and Thottingal, 2020)
and NLLB-200 (Costa-jussa et al., 2022), yielding
108,000 training and 12,000 validation instances.
Each system produces 50% of the translations to
prevent system-specific bias. We note that all clas-
sifier training data derive from standard Eastern
Catalan corpora. This distribution gap between
standard Eastern Catalan and Valencian is the cen-
tral limitation we identify in Section 6. The use
of a standard-Catalan classifier was motivated by
the absence of sufficiently large Valencian human-
translation corpora suitable for classifier training.

Evaluation. All systems are evaluated on the
GPLSI ES-VLCA translation test set,> a 1,000-
sentence held-out set of professional news transla-
tions, which ensures adherence to dialectal particu-
larities.

3.4 Supervised fine-tuning

QLoRA targets all attention and feed-forward pro-
jection matrices with rank r=16, scaling a=32,
and 4-bit NF4 double quantization, yielding 32.8M
trainable parameters (0.76% of 4B). The model is
trained for three epochs over the 50,000 parallel
sentence pairs.

3.5 HT/MT naturalness classifier

We fine-tune RoBERTa-ca (Armengol-Estapé et
al., 2021) as a binary classifier estimating
P(HT | hypothesis). On the standard-Catalan val-
idation set it attains accuracy 74.7%, F1 74.5%,
recall 74.7%, and precision 75.2%. We acknowl-
edge that an F1 of approximately 75% represents
a moderate level of reliability; its limitations in
the context of reward modeling are discussed in
Section 6.

3.6 GRPOv1: hybrid reward

Following SFT, we apply GRPO-based RL to fur-
ther refine the model. GRPO is a policy-gradient
algorithm in which rewards are normalized within a
group of sampled outputs for the same input, elimi-
nating the need for a separate value network (Shao

*https://huggingface.co/datasets/gplsi/
ES-VA_translation_test
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et al., 2024). For each source sentence, the pol-
icy samples G=4 independent hypotheses. Within-
group reward normalization produces advantage es-
timates used by the GRPO objective with Kullback—
Leibler (KL) divergence penalty 5=0.04 and learn-
ing rate 5x107°. In this first variant, the reward
combines reference fidelity and estimated natural-
ness:

r=1—-a)re+ar (D

where 7. = chrF/100 and r, = P(HT |hyp).
To prevent the naturalness term from destabiliz-
ing early training, « is held at zero for the first 50
warm-up steps and then increases linearly to 0.3.
Training proceeds for 100 steps; the checkpoint at
step 80 is retained based on held-out reward.

3.7 GRPOV2: composite automatic-metric
reward

GRPOV?2 eliminates the classifier dependency, re-
placing it with a combination of three automatic
signals:

r = 0.5 Tener + 0.3 7comer + 0.2 TTR — 1[copy]
(2)
where 7(-) denotes min-max normalization to
[0, 1]. The chrF and COMET components capture
surface-level similarity and semantic adequacy, re-
spectively, while the type-token ratio (TTR) pro-
motes lexical diversity and discourages repetitive
outputs.

The 1[copy| term equals 1 when the hypothesis
reproduces the source sentence verbatim, enforcing
a penalty for copying. This is motivated by the high
lexical overlap between Spanish and Valencian as
a closely related language pair. Training runs for
200 steps over 10,000 sentences (PPO clip* e=0.2,
£5=0.04). The final model is selected based on the
highest mean reward.

4 Evaluation

Standard MT metrics. We report chrF, BLEU,
TER, BLEURT, and COMET (Popovi¢, 2015; Pa-
pineni et al., 2002; Snover et al., 2006; Sellam et
al., 2020; Rei et al., 2020). TER is expressed as a
percentage throughout.

“PPO (Proximal Policy Optimization) clip is a hyperparameter
¢ that constrains how far the updated policy may deviate from
the previous one in a single gradient step.

System chrFt+ BLEUt+ TER% /|, BLEURT+ COMET+
Baseline 69.02 39.22 40.30 0.258 0.906
SFT 83.16 60.16 22.80 0.524 0.934
GRPOvV1 81.65 56.94 23.96 0.481 0.926
GRPOV2 84.68 62.16 20.63 0.544 0.936

Table 1: Translation quality on the 1,000 ES—-VLCA test set.
Best in bold. TER: lower is better; reported as percentage.

Dialectal Valencian score (DVS). We introduce
the dialectal Valencian score (DVS), which mea-
sures how frequently a system produces Valencian-
specific morpho-lexical surface forms rather than
their Eastern Catalan equivalents. We compile a
vocabulary of 35 contrastive pairs selected on two
criteria: (1) minimum frequency of five occurrences
in the 1,000-sentence test set for at least one vari-
ant, and (ii) representation across morphological
categories (possessives, temporal adverbials, ver-
bal stems, and common lexical alternates), with a
roughly equal split across categories. Examples
include seua/seva (possessive), hui/avui (temporal
adverb), and xicotet/petit, vore/veure (lexical alter-
nates). The 35-pair list is provided in Appendix A.
DVS is independent of the reference-based metrics
above: a system can score high on chrF while still
not adhering to Valencian morphology and lexicon.

5 Results

5.1 Automatic translation quality

Table 1 reports metric scores on the test set. SFT
delivers the largest single-step absolute improve-
ment: chrF rises 14.1 points, BLEU 20.9 points,
and TER falls 17.5 percentage points relative to the
zero-shot baseline. GRPOV2 consistently outper-
forms SFT across all five metrics, with further gains
of 1.5 chrF, 2.0 BLEU, and 2.2 TER. By contrast,
GRPOV1 regresses below SFT on every metric, a
pattern we analyze in Section 6.

5.2 Dialectal Valencian score

Figure 2 and Table 2 present DVS results. SFT
achieves the highest overall score (41.0%), confirm-
ing that direct supervised exposure to Valencian
forms is the most effective lever for dialect adapta-
tion. GRPOV?2 retains most of this gain (36.2%),
indicating that character-level reward partially re-
inforces Valencian-specific tokens. GRPOV 1, by
contrast, collapses to 15.9%, less than half the value
of the SFT checkpoint it is initialized from.
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Figure 2: Dialectal Valencian score (DVS): percentage of
Valencian forms produced over the 1,000-sentence test set.
DVS is computed where at least one contrastive variant is
contextually present.

CA VLCA Base SFT vl v2

petit  xicotet 0% 100% 0% 100%
veure vore 0% 83% 0% 17%
avui  hui 0% 71% 0% 86%
seva seua 0% 100% 45% 100%

Table 2: Feature-level DVS for four representative pairs (see
Appendix A for the full 35-pair list). GRPOV1 (v1) scores 0%
on most Valencian features despite initializing from the SFT
checkpoint.

5.3 Qualitative analysis

Table 3 presents a representative example from the
test set. All four systems preserve the propositional
content; the difference lies in the third-person femi-
nine possessive seva/seua (“su”’). The baseline and
GRPOV1 produce the Eastern Catalan seva; SFT
and GRPOV?2 produce the Valencian form seua.

6 Analysis

Classifier-induced dialect suppression in GR-
POvl. The performance collapse of GRPOV1
can be traced directly to the distribution mismatch
of its classifier. The reward in GRPOV1 penal-
izes Valencian-specific forms, because the classifier
was trained exclusively on standard Eastern Cata-
lan data and consequently assigns lower naturalness
scores to Valencian morphology. This behavior is
consistent with the finding of Lai et al. (2025) that
naturalness classifiers underperform as reward sig-
nals when there is a mismatch between the training
data and the target-side data used during alignment;
we extend this observation to the cross-variety set-
ting. As shown in Table 2, feature-level DVS data
support this interpretation: GRPOV 1 produces the
Valencian possessive seua in only 45% of instances
despite the SFT model using it in 100%.

System  Output

ES source Su participacion en este concurso le dio la
oportunidad de entrar al mundo artistico.

Baseline La seva participacié ... 1’oportunitat
d’entrar al mon artistic.

SFT La seua participacié ... 1’oportunitat
d’ingressar al mén artistic.

GRPOV1 La seva participacié ... I’oportunitat
d’ingressar al mén artistic.

GRPOV2 La seua participacié ... I’oportunitat

d’ingressar al mén artistic.

Table 3: Qualitative comparison. Bold: Eastern Catalan form;
italic: Valencian form.

Composite reward and metric complementar-
ity. The three components of the GRPOV2 re-
ward serve distinct roles. ChrF provides character-
level supervision that rewards partial morpholog-
ical matches, which is particularly important for
Valencian-specific suffixes, verb inflections, and
possessive forms that differ minimally from their
standard Catalan counterparts; this may account for
the near-complete preservation of dialectal accu-
racy relative to the SFT checkpoint. The COMET
term introduces semantic evaluation, ensuring that
dialectal variation does not come at the cost of
meaning preservation. TTR penalizes repetition
without imposing any preference over the lexical
inventory of the target variety, thus avoiding the
classifier-induced dialect suppression documented
in GRPOV 1. Finally, the copy penalty discourages
verbatim source copying, motivated by the high
similarity between the language pair. The effec-
tiveness of this configuration suggests that multi-
objective RL rewards combining fidelity and se-
mantic quality signals are more robust than single-
metric or classifier-based approaches for dialectal
low-resource translation.

SFT as the primary dialect-adaptation signal.
The highest DVS is achieved by SFT rather than
by any RL variant. This reveals a tension in the
reward: scalar reward signals provide no explicit
incentive for producing Valencian-specific lexical
choices. Direct SFT, by contrast, supplies explicit
examples of the desired dialectal distribution, thus
providing an unambiguous policy gradient toward
the desired Valencian variety. Accordingly, future
work should prioritize the curation of high-quality,
dialect-annotated parallel corpora; enlarging the
SFT training data is likely to result in higher returns
for dialect adaptation than further RL tuning over
resource-constrained settings.



7 Limitations

The training and evaluation data derive from a sin-
gle domain (news journalism), and performance
on legal, administrative, or literary Valencian text
remains untested. DVS, while interpretable and
useful in this work, captures only lexical surface
contrasts and does not account for morphosyntactic
divergences (verbal periphrases, clitic ordering, ver-
bal paradigm differences such as subjunctive forms
that are equally characteristic of Valencian). Fur-
thermore, the current DVS is primarily based on
the written standard established by the Valencian
normative authority (Academia Valenciana de la
Llengua, 2006); a DVS inclusive of all competing
standards would likely yield different results.

The automatic naturalness signals in GRPOvV2
(type-token ratio, chrF, COMET) remain shallow
proxies for fluency that would ideally be validated
against native-speaker judgments. Training hard-
ware constraints bound the total compute invested
and may affect reproducibility across configura-
tions. The non-comparability of compute between
GRPOV1 and GRPOV2 (5,000 vs. 10,000 training
sentences) is an additional caveat when interpret-
ing their relative performance. Finally, our exper-
iments cover a single language pair and domain;
the conclusions drawn about reward-function align-
ment and dialect suppression should therefore be
interpreted as initial findings that warrant replica-
tion across other dialectal pairs before being further
generalized.

8 Conclusion

We have shown that a pre-trained translation-
specialized LLM can be adapted to the under-
resourced Valencian dialect through lightweight
post-training on publicly available corpora and com-
modity hardware. SFT on 50,000 in-domain pairs
constitutes the single largest improvement (414.1
chrF, +20.9 BLEU) and achieves the highest di-
alectal form production rate (41.0% DVS). GR-
POV2 improves on SFT across all five standard
MT metrics and retains 36.2% dialectal adequacy,
establishing a strong baseline for the ES—VLCA
direction. The regression of GRPOV1 has impli-
cations beyond this language pair: a naturalness
classifier trained on a related standard variety is ac-
tively harmful when applied as an RL reward signal
for dialectal adaptation, since, as demonstrated, it
systematically penalizes the target dialect’s char-
acteristic forms. This outcome underscores the

importance of aligning reward models with the ac-
tual target variety. Future work should address this
by (i) training the naturalness classifier exclusively
on high-quality professional Valencian translations;
(ii) scaling the SFT corpus via controlled data aug-
mentation; (iii) extending DVS to morphosyntactic
features beyond surface contrasts, while account-
ing for competing Valencian written norms; and
(iv) conducting human evaluation with native Va-
lencian speakers to disentangle automatic-metric ar-
tifacts from real translation quality improvements.
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A DVS Contrastive Vocabulary

Table 4 lists all 35 contrastive pairs used to compute
the dialectal Valencian score. The pairs are grouped
by morphological category. All pairs meet the mini-
mum frequency threshold of five occurrences in the
1,000-sentence test set. The list reflects primarily
the AVL written standard.

Category CA form VLCA form
Determiners & possessives
aquesta esta
aquest este
aquestes estes
aquests estos
seva seua
seves seues
darrer iltim
darrers ltims
darrera iltima
Verbal stems & inchoative endings
tenir tindre
obtenir obtindre
veure vore
segueix seguix
segueixen seguixen
requereix requerix
divideix dividix
constitueixen constituixen
absorbeixen absorbixen
Lexical alternates
nens xiquets
nen xiquet
nena xiqueta
nenes xiquetes
petit xicotet
petits xicotets
petita xicoteta
feina faena
feines faenes
cop colp
cops colps
avui hui
servei servici
serveis servicis
mirall espill
tomaquet tomaca
tomaquets tomaques

Table 4: Full DVS contrastive vocabulary grouped by mor-
phological category. Pairs reflect the AVL written standard.
Each entry represents a CA—VLCA surface-form pair; DVS
is computed over sentences where at least one variant of each
pair is contextually present.
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