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Abstract

Low-resource machine translation (MT) has
gained increasing attention as parallel data
from low-resource language communities is
collected, but many potential methods for im-
proving low-resource MT remain unexplored.
We investigate a self-supervised reinforcement-
learning-based fine-tuning for translation in
low-resource settings using round-trip boot-
strapping with the No Language Left Behind
(NLLB) family of models. Our approach trans-
lates English into a target low-resource lan-
guage and then back into English, using a com-
bination of chrF++ and BLEU as the reward
function on the reconstructed English sentences.
Using the NLLB-MD dataset, we evaluate both
the 600M and 1.3B parameter NLLB models
and observe consistent improvements for the
following languages: Central Aymara, Friulian,
Wolof and Russian. Qualitative inspection of
translation outputs indicates increased fluency
and semantic fidelity. We argue that our method
can further benefit from scale, enabling models
to increasingly leverage their pretrained knowl-
edge and continue self-improving.

1 Introduction

Low-resource machine translation remains one of
the most persistent challenges in natural language
processing. Modern neural translation systems
achieve impressive performance for high-resource
languages (Vaswani et al., 2017; Conneau et al.,
2020; Hendy et al., 2023), where millions of paral-
lel sentence pairs are available for supervised train-
ing. However, thousands of languages lack parallel
corpora of sufficient scale (Koehn and Knowles,
2017; Haddow et al., 2022), leading to models that
perform poorly or fail to generalize outside narrow
training domains. As a result, speakers of low-
resource languages continue to face limited access
to digital information, reduced participation in mul-
tilingual technologies, and diminished inclusion in
global communication systems.

To address these limitations, we introduce a
framework to improve MT system without any par-
allel corpus that integrates reinforcement learning
(RL) via round-trip bootstrapping. Our system op-
erates in a self-supervised manner by translating
from English into a low-resource language and then
back to English. In this setup, the intermediate low-
resource translation is treated as a latent step re-
quired to reconstruct the original English sentence.
We use RL to optimize this process, rewarding
the model based on lexical and semantic metrics
such as BLEU and chrF++. This allows the model
to improve translation quality in the low-resource
language without requiring any human-annotated
parallel data.

The necessity for this approach arises from the
inherent flaws in standard machine translation train-
ing. Most systems rely on maximum likelihood
estimation (MLE) (Fisher, 1992), which teaches
models to predict the next token given ground-truth
history. While effective, MLE suffers from expo-
sure bias (Bengio et al., 2015; Wang and Sennrich,
2020; He et al., 2024), arising from discrepancies
between training and inference conditions, and an
objective mismatch (Maksai and Fua, 2018), where
the training loss does not directly optimize eval-
uation metrics like chrF++ (Popovi¢, 2015). In
low-resource settings, these issues are amplified
because models have fewer "gold" examples to pre-
vent them from drifting during inference.

Furthermore, while back-translation (Sennrich
et al., 2016) is currently the dominant method for
low-resource MT, its effectiveness is fundamentally
constrained by the quality of the reverse model.
When initial translations are weak, the synthetic
data produced by back-translation can reinforce
existing model errors. This creates a feedback
loop that limits gains, particularly for morphologi-
cally rich or typologically distant languages (Mc-
Namee and Duh, 2023). Standard self-supervised
approaches lack a mechanism to prioritize high-



Jareo(9)

&

Step 4: Get The Rewards And Calculate The T

GRPO Loss

K

EJ v

—

am— »

&

Step 1: Generate K Translations Rollouts
Per English Example

Step 3: Reward The Back-Translations By Comparing To The Source

B
DF'D/?

Step 2: Back-Translate To English

Figure 1: Overview Of Our Low-Resource Machine Translation With Round-Trip Reinforcement Learning Method.

quality synthetic examples or directly optimize
task-specific translation metrics.

RL (Sutton and Barto, 2018) provides a natural
solution to these bottlenecks. By treating transla-
tion as a sequential decision-making process, RL al-
lows models to directly optimize non-differentiable
metrics and exposes them to their own predictions
during training. While foundational work intro-
duced policy gradient methods (Ranzato et al.,
2016; Wu et al., 2018) to reduce exposure bias,
and recent studies have applied RL to large-scale
models (Feng et al., 2025), the application of RL to
bridge the specific gap in round-trip low-resource
translation remains relatively under-explored.

In this work, we demonstrate that our RL-based
bootstrapping method significantly improves both
the adequacy and fluency of translations. Our main
contributions are:

* We propose a novel RL-based framework for
round-trip translation that operates entirely
without parallel data.

* We show that optimizing for reconstruction
rewards significantly improves surface-level
well-formedness and semantic adequacy in
low-resource settings.

* We provide an extensive analysis across sev-
eral languages.

2 Related Work

2.1 Improving NMT with Monolingual Data
and Roundtrip Translations

Back-translation has been a foundational technique
for leveraging monolingual data in neural machine
translation. Sennrich et al. (2016) introduced back-
translation and demonstrated that target-side mono-
lingual data can substantially improve translation
quality by generating synthetic parallel data; mix-
ing these synthetic examples with genuine bitext
yields strong performance gains and supports ef-
fective domain adaptation. Lample et al. (2018)
showed that unsupervised machine translation is
feasible by combining denoising autoencoding,
back-translation, and a cycle-consistency objec-
tive that enforces accurate reconstruction of source
sentences after a forward—backward translation
loop. This line of work treats forward and back-
ward translation models as cooperative components
whose outputs must remain mutually consistent.
Huang (1990) is an early work that explicitly uses
round-trip translation as a quality check for “target
language inexpert” users: texts are translated into
a foreign language and immediately back so users
can spot major errors without knowing the target
language. Federmann et al. (2019) extend this idea
to paraphrasing, systematically studying “multi-
lingual whispers,” where sentences are translated
through one or more pivot languages and back to



generate diverse paraphrases, showing that round-
trip translation can serve not only for quality con-
trol but also as an effective paraphrase generation
method.

2.2 Reinforcement Learning and GRPO for
NMT

Wau et al. (2018) provided a practical recipe for RL
in NMT, showing that multinomial sampling, re-
ward shaping, and objective mixing with MLE lead
to consistent gains. Feng et al. (2025) proposed
MT-R1-Zero, applying R1-Zero—style RL to MT
without supervised warm-starts. Their rule-metric
mixed reward improved lexical and semantic qual-
ity via GRPO (Shao et al., 2024), suggesting that
pure RL can rival SFT for LLM-based translation.

GRPO extends Proximal Policy Optimization
(PPO) (Schulman et al., 2017) and removes the
value critic.

3 Method

We propose a reinforcement learning framework
that leverages round-trip translation consistency
to fine-tune pretrained multilingual language mod-
els for low-resource machine translation. Our ap-
proach combines Group Relative Policy Optimiza-
tion (GRPO) with back-translation-based rewards,
enabling effective adaptation without parallel data
augmentation.

Preliminary For each input x, GRPO samples
a group of G candidate outputs {yi,...,yg} ~
7oy, (y | x) from the current policy. The update
maximizes
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GRPO differs from PPO in how it defines the ad-
vantages A;. Instead of subtracting a critic predic-
tion, GRPO normalizes rewards within the sampled

where 7 +(0) =

group. Let R; = R(x,y;); then
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When all or none of the candidates solve the

problem, every A; is zero and the policy gradient
vanishes except for the KL term.
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2

3.1 Problem Formulation

We consider the setting where no parallel corpus
is available for the source and target language pair.
Instead, we assume access to a pretrained multilin-
gual neural machine translation (NMT) model 7y
and monolingual corpora in the source language
(English). Our goal is to improve the translation
quality in both directions for this low-resource pair
without relying on any parallel data for training.

We formulate this adaptation problem as a re-
inforcement learning problem. At each step, the
model samples translation candidates and receives
rewards that reflect translation quality, defined
purely from intrinsic signals. Concretely, starting
from a source sentence x, the model generates a tar-
get hypothesis § ~ 7y (- | x), then translates back
& ~ mp(- | ¥). The agent is rewarded according to
the quality of the round-trip reconstruction, for ex-
ample via a similarity measure (chrF++) between
x and 2. In this way, the model learns from self-
consistency and monolingual structure, without any
parallel supervision.

Let x denote a source sentence and y denote
its target translation. The policy 7g(y|z) produces
candidate translations by autoregressively sampling
tokens ¥ = (y1,92,...,yr) conditioned on the
source.

3.2 Round-Trip Translation Reinforcement
Training

Our key insight is that translation consistency in

both directions provides a stronger learning signal

than unidirectional training alone. For each source

sentence x, we execute a two-phase generation pro-

cess:

Phase 1: Forward Translation. Generate K
candidate translations from source to target:

g(k)wﬂ9(|x)7 k€{177K} (3)

Phase 2: Back-Translation. For each forward
translation ¢(*), generate K back-translations to
the source language:

#6) momg(-|9), el K} @



The model is trained on the back-translation
phase, where rewards measure how well the back-
translated sentence £ matches the original source
x. This self-consistency objective encourages the
model to produce translations that preserve seman-
tic content bidirectionally.

3.3 Reward Design

We employ a reward function combining character-
level and word-level translation quality metrics.
For a generated back-translation & given the origi-
nal source x:

R(Cﬁ, CC) = )\Chrp~chrF++(:%, CL‘)—F)\BLEU'BLEU(SE, l‘)
&)

chrF++. (Popovié, 2015) is a character n-gram
F-score that is particularly suitable for morpholog-
ically rich and low-resource languages, as it pro-
vides smoother gradients than word-based metrics:

chrP - chrR
(32 . chrP + chrR

chrF++ = (1 + %) (6)
BLEU. (NieBen et al., 2000) with effective or-
der provides complementary word-level precision
signals, helping the model learn appropriate lexi-
cal choices. Algorithm 1 summarizes our training
procedure.

4 Experiments

We base our experiments on NLLB-200 (No Lan-
guage Left Behind) (Goyal et al., 2022), a mas-
sively multilingual translation model that covers
200 languages. In particular, we use the distilled
600M and 1.3B parameter variants. NLLB is
an encoder-decoder Transformer (Vaswani et al.,
2017) with language-specific tokens that specify
the target language during generation. We use the
NLLB-MD dataset (Guzmén et al., 2019; Goyal
et al., 2022) in all our experiments. We use the pro-
vided split of parallel train-, dev- and test-set with
respective sizes of 6000, 1310 and 1600 sentences.
More on hyperparameters and implementation de-
tails are in appendix A. Our study focuses on four
languages: Central Aymara, Friulian, Wolof and
Russian. We use GoldFish (Chang et al., 2024)
monolingual model family to score the fluency of
the forward translations for every language in addi-
tion to chrF++.

First, we compare the base and trained models on
these four languages using chrF++ and additionally
translation fluency using Goldfish log-probabilities

Algorithm 1 Round-Trip Translation Reinforce-
ment Training with GRPO

Require: Pretrained model my, source-language
corpus D, learning rate 7, group size K, KL
coefficient 3, clip parameter ¢,
Initialize reference policy m.of < 7
for epoch = 1to E do
for batch () in Dsource 1ang dO

// Forward translation

{9~ 7(- | @) with tempera-
ture sampling

A

6: // Back-translation

7 WY~ el |50

8: // Compute rewards

9: R®)  Ar - chrF++(20) 2) +
ApLeu - BLEU(2®) | z)

10: // Update policy

11: 0« 6— UVOEGRPO(O)

12: if step mod Nypgaee = O then

13: Tref < T

14: end if

15: end for

16: end for

17: return Fine-tuned policy mg

(Chang et al., 2024). Next, we present reward tra-
jectories for forward and backward translation di-
rections. Also, we present a reward function abala-
tion study. Finally, we provide a qualitative analy-
sis of model outputs on examples that are not seen
in the training data.

5 Results

5.1 Forward Translations Evaluation

Translation Quality with chrF++ Following the
original NLLB work (Goyal et al., 2022) in terms
of low-resource language translation evaluation,
Table 1 summarizes chrF++ scores on the forward
translations before and after training. Across all
languages and both model sizes, round-trip rein-
forcement training improves translation quality and
fluency, yielding consistent absolute gains. We gen-
erally avoid model-based metrics like COMET (Rei
et al., 2020) or BERTScore (Zhang et al., 2020)
for forward translations due to the lack of reli-
able scoring models for many of the languages
we evaluate. However, for Russian—where a reli-
able COMET model is available—we additionally
report COMET scores, which change from 0.84
before training to 0.86 after training.



600M 1.3B
Language After After

Before Before

Central Aymara 24.38 27.96 (+3.58) 26.01 28.70 (+2.69)

Friulian 45.75 47.50 (+1.75) 49.41 50.74 (+1.33)
Wolof 20.73 23.78 (+3.05) 24.73 26.81 (+2.08)
Russian 48.80 52.68 (+3.88) 50.10 54.21 (+4.11)

Table 1: Forward Translation chrF++ scores on the test
set before and after training on each language for the
600M and 1.3B models using the composite reward
function (Bleu + chrF++). Green values indicate abso-
lute improvement in parentheses.

Language Before After A
Central Aymara -20.03 -19.87 0.16
Friulian -19.23 -19.09 0.14
Russian -15.64 -15.37 0.27
Wolof -18.26 -18.07 0.19

Table 2: Goldfish model log-probability scores (natural
log) before (vanilla) and after training, with improve-
ment A = trained — vanilla.

The largest gain is observed on Russian (+3.88),
suggesting that the intrinsic round-trip signal
strongly improves adequacy and consistency even
when the target language is comparatively well sup-
ported in multilingual pretraining. It’s also evident
that the more knowledge the model has on the lan-
guage the better it is able to exploit it with the
chrF++ reward signal.

For the 1.3B model, we observe gains of +1.33
on Friulian, +2.08 on Wolof, +4.11 on Russian,
and +2.69 on Central Aymara. Notably, the largest
improvement again occurs on Russian (+4.11), in-
dicating that increased model capacity does not
saturate the benefits of our self-consistency objec-
tive; instead, larger models appear to better exploit
the reward signal.

Translation Fluency Since we only reward the
round-trip translation, it might be possible that
the model generates nonsensical forward transla-
tion text, despite having an improved translation
quality according to chrF++. To measure this, we
check the fluency of the generated translation un-
der the Goldfish language model, reporting average
log-probability (natural log) before and after train-
ing (Table 2). Across all four languages, training
increases the log-probability (i.e., makes it less
negative), consistent with more fluent and model-
preferred output distributions, confirming that our
method do not damage the fluency.

The most significant improvement is again ob-
served in Russian, mirroring the chrF++ trends.

Comparison of reward functions by chrF++ improvement

BN BLEU + chrf++
BLEU only
B chrF++ only

chrF++ gain (after — before)
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Figure 2: forward translations chrF++ gain (af-
ter — before) for different reward functions across
model/language settings.

This suggests that the round-trip reinforcement ob-
jective enhances not only adequacy, as captured by
chrF++, but also surface-level well-formedness and
overall likelihood according to an external scorer.
These results are further supported by the qualita-
tive analysis of the translation output discussed in
a later section.

5.2 Validation Curves For Forward
Translations

Figure 3 shows the chrF++ scores curves on the
out-of-distribution evaluation set of NLLB-MD for
the four languages and both the 1.3B and 600M
NLLB models. In all four languages, both models
improve steadily over the course of training. The
curves are smooth and approximately monotonic,
without large oscillations, which indicates that the
optimization procedure is stable. Across all lan-
guages and throughout training, the 1.3B model
consistently outperforms the 600M model. The
1.3B curves start from higher chrF++ scores and
maintain a similar margin over the 600M curves at
every step. The gap remains roughly stable over
time, which implies that scaling model size gives
better improvements. Also, The overall shape of
the curves is similar across languages, but the ab-
solute gains differ. Central Aymara and Wolof
(top-left and bottom-right) start from relatively low
chrF++ scores, and both models show substantial
gains over the 8K steps. This indicates that contin-
ued training is particularly helpful for low-resource
languages where the baseline is under-trained. Friu-
lian and Russian (top-right and bottom-left) have
higher initial chrF++ scores and still benefit from
continued training, but the gains are smaller, espe-
cially for Friulian.
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Figure 3: Validation curves showing forward translation
chrF++ scores for the four languages after 8K optimiza-
tion steps.

5.3 Reward Function Ablation Study

We next study how the choice of intrinsic reward
impacts training results. We compare three reward
functions: (i) a uniform weighted combination of
chrF++ and BLEU (“BLEU+chrF++7), (ii)) BLEU
only, and (iii) chrF++ only. In all cases, we keep
the training procedure and hyperparameters fixed
and report the forward translation chrF++ score
before and after adaptation on each language and
model size.

Figure 2 summarizes the chrF++ gain (after
minus before). Across all six settings, BLEU-
only rewards consistently improve performance
but yield substantially smaller gains than rewards
that include chrF++. Averaged over all condi-
tions, BLEU-only increases chrF++ by +1.60,
whereas BLEU+chrF++ yields +2.41 and chrF++-
only yields +2.47.

This trend is especially pronounced for the
most challenging pairs (e.g., wol and aym), where
BLEU-only rewards provide a weaker learning sig-
nal under sparse n-gram matching. By contrast,
chrF++ provides a smoother character-level simi-
larity objective that appears better aligned with low-
resource and morphologically rich settings, leading
to the strongest and most consistent improvements
(best in 4/6 conditions). Adding BLEU to chrF++
is competitive and occasionally beneficial (notably
for 1.3b-wol), but does not uniformly outperform
chrF++ alone, suggesting that word-level precision
signals can sometimes be redundant or slightly mis-
aligned with the round-trip consistency objective.
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Figure 4: Training curves showing the English back-
ward translation scores during training for the 1.3B and
600M parameter models on the 4 Languages.

Target Before After AF1
P R Fl1 P R Fl1

Central Aymara 048 049 048 054 057 055 +0.07

Friulian 078 073 075 078 076 0.77 +0.02

Russian 077 069 073 080 077 079 +0.06

Wolof 053 048 051 054 055 055 +0.04

Table 3: Mean Precision/Recall/F1 for vanilla vs. trained
models English Back-Translations.

5.4 Target-to-English Back-Translation
Evaluation

Figure 4 shows smoothed backward-translation re-
wards (target — English) over training steps for
the 600M and 1.3B models. As in the forward di-
rection, both models exhibit a clear upward trend
across all four languages, indicating that continued
training consistently improves backward transla-
tion quality rather than leading to early overfitting.
The curves are noisier than in the forward setting,
which is expected given the higher variance of the
backward reward signal, but the overall trajectory is
monotonic: rewards increase steadily over the first
several thousand steps and then continue to grow
more slowly toward the end of training. Across all
languages, the 1.3B model (orange) either matches
or exceeds the performance of the 600M model
(blue) throughout training. The larger model typi-
cally starts from slightly higher rewards and grad-
ually widens the gap as training progresses, espe-
cially for Russian and Wolof. This pattern suggests
that scaling model capacity yields consistent ben-
efits for backward translation, and that the adapta-
tion procedure is able to exploit the additional ca-
pacity rather than saturating at the smaller model’s
performance level.



Output Source Language chrF++  Text

Source (English) English N/A That’s so awesome! Which one is it?

Reference Central Aymara N/A iUkax wali musphkayawa! ;Kawkirisa?

Base Model Central Aymara 3532 iWali sumiskiwa ! jKawkiris uka?

Trained Model Central Aymara 64.09 jUkax wali musparkanawa ! (Kawkiris ukaxa?

Source (English)  English N/A However, it was also of great importance "for a country from which we are separated by only two nations," she
said.

Reference Friulian N/A Dut cis, e jere ancje di grande impuartance "par une nazion de cudl o sin separats dome di dos nazions," e a
dite.

Base Model Friulian 16.61 "O vin di fa alc par fa cressi la nestre identitat", e adite la ministra.

Trained Model Friulian 70.46 Dut cis, e jere ancje di grande impuartance  "par un pais di dula che o sin separats dome di dos nazions",

eadit je.

Source (English)  English N/A Rheumatic illnesses in particular rheumatic arthritis and ankylosing spondylitis (so called Bechterew’s disease)

Reference Wolof N/A Jangoroy Rheumatik rawatina arthritis rheumatik ak ankylosing spondytilis (nu duppe ko jangoro Bechterew)

Base Model Wolof 5.84 Jamm yuy néew-ji-doole yuy Jamm yuy néew-ji-doole yuy

Trained Model Wolof 42.22 Yamm yu  réwmatik, rawatina aartritis réwmatik ak spondylitis ankylosing  (yite bi fiuy wax jangoroy

Bechterew)

Source (English) English N/A Sounds great to me, I'm so excited! What is the horse’s name?

Reference Russian N/A Zvuchit zdorovo, ya tak rad! Kak zovut konya?

Base Model Russian 21.32 - Kak zovut loshadey?

Trained Model Russian 74.52 Zvuchit zdorovo, ya tak radal Kak zovut loshadey?

Table 4: Example outputs for Source (English), Reference translations, Base Model, and Trained model across
four languages. Tokens in green match the reference, tokens in red differ from the reference, and tokens in blue
mark segments where the trained model is closer to the reference than the base model. chrF++ scores are shown for

model outputs with respect to the Reference sentence.

BERTScore To validate our findings beyond
chrF++ and bleu score in which are used as a
reward function, we also show the improvement
with BERTScore (Zhang et al., 2020). Table 3
shows the BERTScores on the back-translated En-
glish sentences before and after training. Across
all four target languages, the trained model im-
proves BERTScore F1 relative to the vanilla base-
line, with gains ranging from +0.02 (Friulian) to
+0.07 (Central Aymara). The improvements are
generally driven by higher recall after training (no-
tably Central Aymara and Russian), while preci-
sion also increases or remains stable, indicating the
trained back-translations are both more complete
and at least as faithful under this semantic metric.
Our findings show consistent improvement upon
different metrics.

5.5 Qualitative Analysis On Translation
Outputs

Finally, in Table 4 we provide a qualitative com-
parison of translations produced by the 1.3B base
model and the trained model across four evaluation

languages (one example each; additional samples
are reported in Appendix B). Overall, the trained
model produces outputs that are close to the human
reference.

For Central Aymara, the base model captures
the positive tone but diverges in lexical choice and
phrasing. The trained model matches the reference
opener (“Ukax wali ...”) and better recovers the
intended predicate meaning, yielding a question
form that is closer to the reference. This suggests
that training primarily improves lexical selection
and common conversational templates in this low-
resource setting.

For Friulian, the base model fails to translate
the source sentence and instead generates unrelated
quoted text (English: "We have to do something to
grow our identity," the minister said.). In contrast,
the trained model restores the intended discourse
structure and recovers most of the reference content
(“Dut cas, e jere ancje di grande impuartance ...”),
with only a minor mismatch in the final pronoun
choice and the final translation to English is faithful
to the reference. The chrF++ jump (16.61 — 70.46)



indicates substantially improved faithfulness and
reduced semantic drift.

For Wolof, the baseline output degenerates
into repetition, a common failure mode for low-
resource and domain-specific inputs. The trained
model largely recovers the technical terminology
and coordination structure (e.g., aartritis réw-
matik, spondylitis ankylosing, and the parenthet-
ical Bechterew), though some surrounding func-
tion words remain imperfect. The corresponding
chrF++ gain (5.84 — 42.22) suggests improved ro-
bustness (avoiding repetition) and better retention
of specialized terminology.

Finally, for Russian, the base model produces
a partially correct question but uses an incorrect
lexical/inflectional form for “horse.” The trained
model matches the reference more closely in the
preceding clause and improves morphosyntactic
realization (e.g., correct gender marking in “rada’),
while the noun error persists. The chrF++ increase
(21.32 — 74.52) highlights improved fluency and
morphology, with remaining challenges in precise
lexical choice.

Taken together, these examples suggest that self-
supervised training improves both (i) content cov-
erage and faithfulness (especially evident in Friu-
lian and Wolof) and (ii) surface-form realization,
including idiomatic openers and inflectional mor-
phology (Central Aymara and Russian). Resid-
ual mismatches point to remaining difficulties in
fine-grained lexical selection and domain-specific
function-word control. Nevertheless, despite rely-
ing only on monolingual reward signals, the model
is able to self-improve on the target low-resource
languages without any direct supervision.

6 Conclusion

We presented a self-supervised RL fine-tuning ap-
proach for low-resource machine translation based
on round-trip bootstrapping with NLLB. By trans-
lating English into a target language and rewarding
the quality of the reconstructed English using in-
trinsic signals (chrF++ and BLEU), GRPO training
yields consistent chrF++ improvements on an out-
of-distribution test set for Central Aymara, Friulian,
Wolof, and Russian across both 600M and 1.3B
models. Qualitatively, the trained models reduce
common low-resource failure modes such as repe-
tition and semantic drift, and produce outputs that
are more fluent and faithful to the reference.

Our ablations show that chrF++ provides the

most reliable learning signal in this setting, while
adding BLEU is competitive but not uniformly bet-
ter. Overall, these results indicate that, even with
only monolingual reward signals, pretrained multi-
lingual models can self-improve translation quality
for low-resource languages without direct parallel
supervision.

7 Limitations

Our study has several limitations that point to clear
directions for future work.

Scaling to larger NLLB checkpoints. Due to
resource constraints, we only evaluate the distilled
600M and 1.3B NLLB variants, and do not test
whether the same round-trip GRPO training re-
mains stable and beneficial for substantially larger
models (e.g., 3.3B NLLB). This is because empiri-
cal scaling laws suggest that multilingual MT qual-
ity often improves predictably with model scale,
and that scaling can change the effective capac-
ity allocated to individual language pairs, including
out-of-distribution behavior (Fernandes et al., 2023;
Kaplan et al., 2020).

Broader low-resource language coverage within
NLLB-MD. We focus on four languages (Cen-
tral Aymara, Friulian, Wolof, and Russian) and
do not evaluate on the remaining low-resource
languages included in NLLB-MD (notably Bho-
jpuri and Dyula) (Goyal et al., 2022). Extending
experiments to these additional languages would
strengthen conclusions about robustness across
scripts, typology, and domain mismatch, and would
help identify when round-trip rewards are most ef-
fective versus when they induce overly paraphrastic
solutions.

Richer reward functions for low-resource MT.
Our intrinsic reward is a simple linear combina-
tion of chrF++ and BLEU computed on the re-
constructed English, which is effective but limited.
Future work should explore richer and more ro-
bust reward design, for example: (i) adding learned
semantic metrics (e.g., COMET/BLEURT-style sig-
nals) to reduce reliance on lexical overlap, (ii) us-
ing target-side fluency rewards (monolingual LM
scoring) to better control grammaticality.

8 Ethical Considerations

Our approach fine-tunes multilingual MT mod-
els using self-supervised, round-trip reinforce-
ment learning (English—target—English) with au-



tomatic rewards (chrF++/BLEU). While this avoids
collecting new human-labeled parallel data, it in-
troduces several potential risks:

Amplification of model errors and biases. Be-
cause training relies on the model’s own genera-
tions, systematic errors (e.g., gender/role stereo-
types, offensive terms, dialectal mismatches) can
be reinforced. Biases present in pretraining or in
monolingual English data may propagate into low-
resource outputs.

Hallucinations and harmful content translation.
RL may increase fluency while still hallucinating
facts, altering named entities, or mistranslating
safety-critical content (medical/legal). Addition-
ally, improved MT quality could facilitate trans-
lation of toxic or hateful content into additional
languages.

Mitigations. We mitigate these risks by (i) moni-
toring for degeneracy (repetition/copying) and re-
porting qualitative examples, (ii) evaluating with
multiple metrics (chrF++, BLEU, BERTScore on
back-translations, and target-side fluency), (iii) lim-
iting training data to vetted corpora and document-
ing compute settings for transparency.
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Hyperparameter Value
Learning rate 2 x 1076
Batch size 2
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A Implementation Details

We implement our method using PyTorch (Paszke
et al., 2019) and the Hugging Face Transformers
(Wolf et al., 2020) library. Table 5 summarizes the
key hyperparameters used in our experiments.

We use AdamW (Kingma and Ba, 2017) for op-
timization. During generation, we employ nucleus
sampling with temperature scaling to encourage
diverse candidate generation.

B Qualitative Translation Examples

B.1 Central Aymara

Reference: Ukax jichhax amuyt’afijamaxiwa,
kipka irnagawinakjamakiwa. Jaqinakax kunti
munapki ch’amaifichafiawa. jkayak anatafi lu-
rafl yant’isma! Wali jasakiw apnaqafiaxa, qutan
samart’afijamaspawa jan ukasti ghuru umanakan
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chuyma jalsuyasirjamarakispawa.

Source (EN): Ah that makes a ton of sense, they
seem like similar jobs at least in some respects.
Encouraging people and helping them meet their
goals. You should totally try kayaking! It’s super
versatile, it can be relaxing on a lake or thrilling
doing whitewater.

Vanilla (system output): Ah, al a sens, a somein
lavoris similars almancul in cualchi sens. incoragja
lis personis e judalis a riva ai 16r obietifs. Tu va-
ressis di prova il kayak! al ¢ une vore versatile, al
pues jessi un lavor di

Vanilla (EN gloss): Ah, al a sens, a somin lavoris
similarars at least in some sens. incoragja lis per-
sonis e judalis a riva ai 16r obietifs. Tu varessis di
prova il kayak! al ¢ une vore versatile, al pues jessi
un lavor di

Trained (system output): Ah, al a sens, a somein
lavoris similis almancul in cualchi sens. Incoragja
lis personis e judalis a riva ai 16r obietifs. Tu vares-
sis di prova a fa il kayak! Al € une vore versatile,
al pues jessi ri

Trained (EN gloss): Ah, in a sense, some people
work similarly at least in some senses. Incoragja
the people and Jews to achieve their objectives. You
have a variety of ways to try to do the kayaking!
Al ¢ une vore versatile, you can be very versatile,
and you can be the best in the world.

Reference: O ai apene sfornit i biscos PB cu la
forme dai mei cjans!

Source (EN): I baked PB cookies in the shape of
my dogs!

Vanilla (system output): O ai fat biscots di PB a
forme dai miei cans!

Vanilla (EN gloss): Or PB biscuits shaped like my
dogs!

Trained (system output): O ai fat biscuts PB a
forme dai miei cans!

Trained (EN gloss): I made PB cookies in the
shape of my dogs!

Reference: O soi sigur che al divente mat, ma
tu asreson, il mangja co cusini no 1’¢ just par Ior.
Percid o ten simpri sot man al di bon par 16r quant
co cusini.

Source (EN): [ am sure the smells drive him crazy,
but you are right. The food I bake is not good for
them. I have dog treats on hand anytime I bake for
this reason.

Vanilla (system output): O soi sigure che i odors
Iu fasin deventd mat, ma tu s reson. Il mangja che

11

o fas no je buine par 16r. Par chest motif o ai simpri
lis cjasis a man.

Vanilla (EN gloss): I’m sure the smells drive them
crazy, but you’re right. The food I make isn’t good
for them. That’s why I always keep the houses
handy.

Trained (system output): O soi sigure che i odors
lu fasin deventd mat, ma tu as reson. Il mangja che
o fas jo nol & bon par 16r. Par cheste reson o ai
simpri lis cjampanis pai cans in man.

Trained (EN gloss): I am sure the smells make
them go crazy, but you are right. The food I make
is not good for them. That is why I always have the
dogs’ bells in my hand.

B.2 Friulian

Reference: O ai apene sfornat i biscos PB cu la
forme dai mei cjans!

Source (EN): I baked PB cookies in the shape of
my dogs!

Vanilla (system output): O ai fat biscots di PB a
forme dai miei cans!

Vanilla (EN gloss): Or PB biscuits shaped like my
dogs!

Trained (system output): O ai fat biscuts PB a
forme dai miei cans!

Trained (EN gloss): I made PB cookies in the
shape of my dogs!

Reference: O soi sigur che al divente mat, ma
tu asreson, il mangja co cusini no I’¢ just par 10r.
Percio o ten simpri sot man al di bon par 16r quant
co cusini.

Source (EN): I am sure the smells drive him crazy,
but you are right. The food I bake is not good for
them. I have dog treats on hand anytime I bake for
this reason.

Vanilla (system output): O soi sigure che i odors
lu fasin deventd mat, ma tu as reson. Il mangja che
o fas no je buine par 16r. Par chest motif o ai simpri
lis cjasis a man.

Vanilla (EN gloss): I’m sure the smells drive them
crazy, but you’re right. The food I make isn’t good
for them. That’s why I always keep the houses
handy.

Trained (system output): O soi sigure che i 0dors
lu fasin deventd mat, ma tu as reson. Il mangja che
o fas jo nol ¢ bon par 16r. Par cheste reson o ai
simpri lis cjampanis pai cans in man.

Trained (EN gloss): I am sure the smells make
them go crazy, but you are right. The food I make
is not good for them. That is why I always have the



dogs’ bells in my hand.

Reference: No tant. Stat impegnat a ciri plas gns.
Soi sigli co tacarai a vore a mae quat co sarai stac
di cusina.

Source (EN): Not recently. I have been consumed
by trying to find recipes. I tend to hobby jump quite
a bit. I am sure I will start knitting like crazy once
I get tired of baking.

Vanilla (system output): No dome di pdc, mi soi
consumade a cirf ricetis, o soi propit un poc a saltd
flr di hobby, o soi sigure che o fasarai il tricot come
une matete cuant che mi stufara di fa il pan.
Vanilla (EN gloss): Not only that, I’ve been con-
sumed with finding recipes, or I’ve been kind of
jumping out of my hobby, or I'm sure I’ll be knit-
ting like a mat when I get tired of baking.
Trained (system output): No di poc timp. O soi
stat consumat a cirf ricetis. O ten a saltd un grum
di hobbies. O soi siglir che o tacara a fa il tricot
come un mat cuant che o vares stufat di fa il pan.
Trained (EN gloss): Not recently. I have been
consumed looking for recipes. I want to skip a lot
of hobbies. I am sure that I will start knitting like
crazy when I get tired of baking bread.

B.3 Russian

Reference: Da, no ya podumyvayu provesti vikend
v etom kan’yone ryadom so mnoy. Eto ne plyazh,
no i ne les, dolzhno byt’ zdorovo.

Source (EN): I do, but I am thinking of doing a
weekend in this canyon near me. It’s not the beach,
but it’s nto a forest either, should be cool.

Vanilla (system output): Ya dumayu provesti
vykhodnye v kan’one nedaleko ot menya.

Vanilla (EN gloss): I'm thinking of spending the
weekend in a canyon near me.

Trained (system output): Da, no ya dumayu
provesti vykhodnye v etom kan’one ryadom so
mnoy. Eto ne plyazh, no eto tozhe les, dolzhno byt’
kruto.

Trained (EN gloss): Yes, but I'm thinking of
spending the weekend in that canyon next to me.
It’s not the beach, but it’s also the forest, so that
should be cool.

Reference: Tochno. Kak tvoya sem’ya? Skol’ko
vas?

Source (EN): That’s right. How is your family?
how many of you are there?

Vanilla (system output): Kak vasha sem’ya?
Vanilla (EN gloss): How’s your family?
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Trained (system output): Tochno. Kak vasha
sem’ya? Skol’ko vas tam?
Trained (EN gloss): Exactly. How is your family?
How many are you there?

Reference: Nikakikh problem! Skol’ko i kakikh?
Source (EN): No problem at all! How many and
which ones?

Vanilla (system output): — Skol’ko i kakie?
Vanilla (EN gloss): - How many and what?
Trained (system output): Nikakikh problem!
Skol’ko i kakie?

Trained (EN gloss): No problem! How many and
what?

B.4 Wolof

Reference: Kuréelu réewum Suede bu wérgu-
yaram (Réttsmedicinalverket) tambali woon na di
def tests yi ci lu teel ci at mi.

Source (EN): Sweden’s national Forensic
Medicine Agency (Rittsmedicinalverket) started
carrying out the tests earlier year.

Vanilla (system output): Bésum-bésum-bésum-
bésum-bésum-bésum-bésum-bésum-bésum-
bésum-bésum-bésum-bésum-bésum-bésum-bés
Vanilla (EN gloss): Day-day-day-day-day-day-
day-day-day-day-day-day-day-day-day-day-day-
day-day-day-day-day-day-day-day-day-day
Trained (system output): Banqaasu Fards gu réew
mi ci Suweed (Rittsmedicinalverket) tambalee
jéfandikoo ay seetlu ci njélbéenug at mi.

Trained (EN gloss): The French national bank of
Sweden (Rittsmedicinalverket) began using the
studies at the beginning of the year.

Reference: Moom ak mbiipkat bu dékk Bulgari
Miroslav Petkov, dafay def ab konseer yu am bakk
biiGéej gu fiuul gi tasena ak All bu fiuul.; wala sax,
Balkan folkloredaje naak ab njang mu Allémaaii
bu kalasik ak taxawaay bu déggér ci misiku brass.
Source (EN): Together with the Bulgarian trum-
peter Miroslav Petkov, he is giving a concert that
carries the slogan “The Black Sea meets the Black
Forest”, or even, “Balkan folklore” meets a classic
German education with roots in brass music.
Vanilla (system output): Ci biir li muy and ak
mbé&jug buum buum buum buum buum buum buum
buum buum buum buum buum buum buum buum
buum buum buum buum buum buum buum buum
buum buum buum

Vanilla (EN gloss): In addition to its use as
an anti-inflammatory, it is also used as an anti-
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Figure 5: Validation curves after 8K optimization steps.
backward translation BLEU scores.

inflammatory and anti-inflammatory agent.
Trained (system output): Ci biir andandoo ak
mbéjug buulgar bi di Miroslav Petkov, mu ngi doon
jox ab kaaraange bu am kadduy waxtaan bi di “Géej
gu Magg gi daje ak Géej gu Magg gi”, walla sax,
“Balkan folkl

Trained (EN gloss): In collaboration with the Bul-
garian writer Miroslav Petkov, she was developing
a cover with the words of the speech “The Old Sea
meets the Great Sea”, or even, “Balkan folklore”

Reference: Neen lafiu! Amna sama benn makk bu
goor ak samay waajur. Nun goor yi defioo bégg
bannexuloo ci benn sigaar ci ngoon gi.

Source (EN): There are four of us! I have an older
brother and my two parents. Us men like to enjoy
a cigar together in the evenings.

Vanilla (system output): Am nanu fieenti nit, am
naa magam ak samay maam ak sama baay.
Vanilla (EN gloss): We had four children, one of
whom died in infancy.

Trained (system output): Am nanu fieenti nit!
Am naa mag bu géor ak samay fiaari waajur. Nun
gobor yi, bégg nanu a lekk cigare ci ngoon ci ngoon.
Trained (EN gloss): We have four people! I have
a older brother and my two parents. We men like
to smoke in the afternoon in the afternoon.

C Additional Training Plots

Figure 5 reports validation curves for the forward
and backward translation models over 8K optimiza-
tion steps. The top row shows chrF++ for forward
translation, and the bottom row shows BLEU for
backward translation, for Russian (Cyrl), Friulian
(Latn), Aymara (Latn), and Wolof (Latn). These
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Top row: forward translation chrF++ scores. Bottom row:

curves are included for completeness and to illus-
trate the round-trip reinforcement learning training
dynamics across languages and directions. For
both the forward and backward translations dur-
ing training, it’s evident that there is no plateu and
the models can further benefit from continued RL
training.
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