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Abstract

Arabic dialect<»English machine translation
remains difficult due to extreme dialect vari-
ation, inconsistent orthography, and limited par-
allel data. Moreover, dialect translation is often
needed in remote regions or by economically-
disadvantaged communities, which often oper-
ate in compute-constrained or offline settings.
Motivated by these concerns, in this paper
we explore optimizing Arabic dialect«>English
translators that run over small LLMs, which
could be implemented on small offline devices.

We show that reasoning-oriented reinforcement
learning can substantially improve small mul-
tilingual LLMs for Arabic dialect translation.
Using the MADAR corpus, small Qwen-2.5
models trained with a think-then-translate tem-
plate and optimized with Group-Relative Policy
Optimization using a SacreBLEU reward out-
perform a much larger 7B baseline trained with
supervised fine-tuning. The dialect-to-English
BLEU score more than doubles from 17.4
to 34.9, while the English-to-dialect COMET
score improves from 0.57 to 0.73.

1 Introduction

Machine translation (MT) is now deeply embedded
in global communication, supporting access to edu-
cation, public services, healthcare, and media. Yet,
despite recent advances in neural MT, languages
with complex internal variation, limited standard-
ized resources, or strong diglossic patterns remain
challenging even for the strongest MT models (Tafa
et al., 2025; Nicholas and Bhatia, 2023). Arabic is
one such prominent example. It is spoken by hun-
dreds of millions across more than twenty countries,
but everyday language use is dominated not by a sin-
gle standard variety, but by a continuum of regional
dialects that differ in phonology, morphology, syn-
tax, and lexicon (Zaidan and Callison-Burch, 2014).

These varieties are embedded in a diglossic struc-
ture. Modern Standard Arabic (MSA) functions as
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the formal register used in news, education, and
official communication, while regional dialects are
the default in speech and much of online interaction.
Dialects can diverge to the point of mutual unintel-
ligibility, and they lack both standardized orthog-
raphy and large-scale parallel corpora (Zaidan and
Callison-Burch, 2014). As a consequence, most
MT systems for Arabic are trained primarily on
MSA, often with limited or noisy dialectal cover-
age. When exposed to dialectal input, such mod-
els frequently misinterpret morphology and dialect-
specific vocabulary, leading to mistranslations, se-
mantic drift, and unnatural phrasing (Alhafni et al.,
2024).

Recent large language models (LLMs) can of-
ten parse dialectal input better than earlier neural
MT models, and they achieve competitive scores
on benchmarks that mix MSA with a subset of high-
resource dialects (Kadaoui et al., 2023). However,
the systems that perform best are typically propri-
etary models with tens or hundreds of billions of pa-
rameters, requiring costly infrastructure and stable
connectivity. As a result, communities and institu-
tions operating under resource constraints remain
least able to benefit from these advances.

This motivates a complementary line of work fo-
cused on improving the capabilities of small, open-
source models rather than scaling alone (Hsieh et al.,
2023; Belcak et al., 2025). We focus on open-source
LLMs with fewer than 10 billion parameters. Their
compact architectures enable fine-tuning and in-
ference on modest hardware, creating opportuni-
ties for localized and offline translation. If we can
push compact models closer to the performance
of larger systems on challenging tasks like Arabic
dialect translation, this would both widen access
and challenge the assumption that scaling alone is
the dominant path to progress.

In this paper, we explore the use of reasoning-
oriented reinforcement learning (RL) for Arabic
dialect<»English machine translation in small-scale
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large language models. We focus on the MADAR
corpus (Bouamor et al., 2018), which provides par-
allel data for 25 city-level Arabic varieties, MSA,
and English, and we use the multilingual Qwen-
2.5-base models (1.5B and 3B parameters) as our
base architectures (Yang et al., 2025). Starting
from baselines using the pretrained Qwen-2.5-7B
model and a supervised fine-tuned variant, we then
apply Group-Relative Policy Optimization (Shao
et al., 2024) to the smaller 1.5B and 3B models,
with a think-then-translate output template and with
SacreBLEU-based rewards (Post, 2018).

Our work is guided by the following research
questions: 1) Can reasoning-oriented reinforcement
learning substantially improve Arabic dialect<>En-
glish machine translation performance in small mul-
tilingual LLMs? 2) How do reinforcement learning-
based improvements compare to those obtained
through supervised fine-tuning and increased model
scale? 3) Does enforcing a think-then-translate out-
put structure in RL lead to the emergence of explicit
reasoning behavior during Arabic dialect transla-
tion?

Accordingly, the main contributions of our work
are as follows:

* We present the first systematic study of
reasoning-oriented reinforcement learning for
Arabic dialect<+English translation using
small multilingual LLMs.

We show that compact Qwen-2.5 models
(1.5B and 3B) optimized with GRPO and a
BLEU-based reward substantially outperform
a much larger 7B supervised baseline, espe-
cially in the dialect—English translation direc-
tion.

We provide a detailed per-dialect evaluation
across 25 Arabic city varieties and MSA, high-
lighting consistent gains even for low-resource
and highly divergent dialects.

We analyze the behavior of the induced reason-
ing traces and show that translation improve-
ments arise primarily from the models adapt-
ing their output strategies to the BLEU-based
reward rather than exhibiting more elaborate
linguistic reasoning.

2 Related Work

Arabic dialect MT remains difficult due to scarce
parallel data, high intra-dialect variability, and the
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mismatch between informal dialectal text and target
language forms (Zbib et al., 2012). Prior research
relevant to our work falls into three areas: MT for
Arabic dialects, small specialized MT models, and
reinforcement learning for inducing structured rea-
soning in LLMs.

2.1 Arabic Dialects & Machine Translation

Much prior work translates dialects into MSA as a
normalization step for downstream Natural Lan-
guage Processing (NLP) tasks. Shared evalua-
tions such as OSACT 2024 Task 2 (Atwany et al.,
2024) specifically assessed dialect—MSA transla-
tion across five major varieties (Gulf, Egyptian, Lev-
antine, Iraqi, and Maghrebi). Despite the relative
proximity between dialects and MSA, the results re-
mained modest: the top-performing system (based
on GPT-3.5) achieved a 29.61 BLEU score, while
finetuned encoder-decoder models such as AraT5
and NLLB achieved only 10-12 BLEU scores. A
similar trend appears in NADI 2024 Subtask 3
(Abdul-Mageed et al., 2024), another shared task
dedicated to dialect—MSA translation; here, sys-
tems achieved best scores of around 20 BLEU.

A complementary line of research examines di-
rect dialect<>English translation. Kadaoui et al.
(Kadaoui et al., 2023) conducted a comprehensive
evaluation in this space by benchmarking Chat-
GPT, Bard, and Google Translate across ten Ara-
bic dialects. Their results showed modest average
scores of 18.2 BLEU for dialect—English and 16.4
BLEU for English—dialect, with substantial vari-
ation across dialects. The authors concluded that
although LLMs outperform standard neural MT
baselines, they still struggle to capture the idiomatic,
cultural, and pragmatic nuances essential to high-
quality dialect translation.

These observations are further supported by
AraDiCE (Mousi et al., 2025), a large-scale bench-
mark designed to assess both dialectal understand-
ing and cultural competence in LLMs. In its trans-
lation subset, even Arabic-centric models such as
Jais-13B and AceGPT-13B achieved only 13-17
BLEU scores for dialect—English and 8-11 for
English—dialect. Together, these evaluations also
indicate a consistent pattern: current LLMs tend to
understand dialectal input reasonably well but they
underperform in generation, thus often performing
better in translating from than info Arabic dialects.



2.2 Small, Specialized MT Models

Recent work has shown that small, task-specialized
MT models can rival or outperform much larger ar-
chitectures when trained on high-quality or domain-
specific data. This is especially important for dialec-
tal Arabic, where data is scarce and deployability
matters.

SMaLL-100 (Mohammadshahi et al., 2022) dis-
tills M2M-100 12B into 200-600M parameter mod-
els that remain competitive on many (non-Arabic)
low-resource pairs. Mutarjim (Hennara et al.,
2025), a 1.5B Arabic<++English model, reaches 61.4
ChrF++ and 0.83 COMET on the Tarjama-25 Ara-
bic benchmark and surpasses proprietary models
far larger in scale like GPT-40 mini.

However, none of these works consider Arabic
dialect translation, and unlike prior efforts that rely
on distillation or supervised fine-tuning, we investi-
gate whether reinforcement learning can push small
models further by improving their ability to plan,
reason, and generate coherent translations.

2.3 Reinforcement Learning for Reasoning
and Machine Translation

Early progress on LLM reasoning came from
prompting, with chain of thought methods (CoT)
(Wei et al., 2022) improving reasoning without
altering model weights. Reinforcement learn-
ing (RL) approaches then aimed to teach ex-
plicit reasoning behaviors in LLMs. Shao et al.
(2024) proposed Group-Relative Policy Optimiza-
tion (GRPO), an RL method designed specifically
for LLMs that avoids value modeling by comparing
outputs in grouped batches. Utilizing GRPO, Guo
et al. (2025) introduced DeepSeek-R1-Zero, which
demonstrated that structured reasoning can emerge
in LLMs from reward-only training.

Directly connecting RL-based reasoning to MT,
He et al. (2025) introduced a reason-then-translate
framework where models produce structured think-
ing steps before generating the translation. Their
RL procedure (based on Col templates and two-
stage optimization) yielded improvements in both
accuracy and fluency. Recent work by Feng et al.
(2025) produced the MT-R1-Zero model, which
adapts DeepSeek-R1-Zero’s RL framework (Guo
et al., 2025) specifically for machine translation. In-
stead of producing a translation directly, their model
is trained to output a reasoning step before the fi-
nal translation, with reward functions that evaluate
both the reasoning format and the final translation.

86

Code City Code City
ALE  Aleppo ALG  Algiers
ALX Alexandria AMM Amman
ASW  Aswan BAG  Baghdad
BAS Basra BEI Beirut
BEN Benghazi  CAI Cairo
DAM Damascus DOH Doha
FES  Fes JED Jeddah
JER Jerusalem KHA  Khartoum
MOS Mosul MUS  Muscat
RAB Rabat RIY Riyadh
SAL  Salt SAN  Sana’a
SFX  Sfax TRI Tripoli
TUN  Tunis

Table 1: Mapping between the MADAR corpus dialect
codes and their corresponding cities.

Their results show that reasoning emerges purely
from reward design and that it improves translation
quality even without supervised CoT data.

Together, this research establishes the ground-
work for our approach while highlighting a clear
gap: small multilingual LL.Ms have not been sys-
tematically explored for Arabic dialect translation,
and reasoning-oriented reinforcement learning has
not been applied in this setting. We address this
gap by testing whether RL-driven reasoning signals
can enhance dialect«>English translation in com-
pact models and reduce their performance gap with
larger systems.

3 Methodology

3.1 Data and Preprocessing

We use the MADAR corpus (Bouamor et al., 2018),
a large-scale resource for Arabic dialect machine
translation created as part of the MADAR Project.
The corpus is based on English sentences from the
Basic Travel Expression Corpus (BTEC) (Takezawa
et al., 2007), which were translated into 25 Arabic
city dialects, as well as MSA.

Since MADAR is manually translated, aligned,
and quality-controlled, no additional cleaning or
filtering was required beyond tokenization. We use
the MADAR-26 configuration of the MADAR cor-
pus, which consists of 2,000 aligned sentence pairs
per dialect and MSA, for a total of 52,000 pairs.
We refer to dialectal varieties using the corpus’s
standard short codes; Table 1 provides a mapping
between the codes and their corresponding city di-
alects.



3.2 Baseline Models

To study the impact of reasoning-oriented RL on
Arabic dialect translation, we use the Qwen-2.5-
base family of multilingual LLMs (Yang et al.,
2025). Qwen-2.5 models are decoder-only trans-
formers with strong multilingual performance and
substantial Arabic training data, making them suit-
able for dialectal translation. Prior work by Feng
et al. (2025) also shows that Qwen-2.5 exhibits
stable and faithful reasoning behavior under rein-
forcement learning, rather than attempting to "hack”
the reward structure. For these reasons, we adopt
Qwen-2.5 as the base model family for all experi-
ments.

Although our RL-trained models use the smaller
1.5B and 3B variants, we use the Qwen-2.5-7B
model as an upper-bound baseline. Its larger scale
provides a meaningful reference point: if RL-
trained smaller models approach or exceed its per-
formance, this suggests gains beyond scale alone.
We evaluate the 7B model both from its pretrained
checkpoint directly and after supervised fine-tuning
on MADAR-26 using standard next-token predic-
tion. Together, these baselines capture the perfor-
mance achievable through conventional training
and allow us to isolate the effects of reasoning-
oriented reinforcement learning. For completeness,
we also report baseline performance for the 1.5B
and 3B models in Appendix Tables 5, 6, 8, and 9.

For each dialect in MADAR-26, we adopt a sim-
ple, direct translation prompt: “Translate the fol-
lowing {DialectCity} Arabic text into English:” or
“Translate the following English text into {DialectC-
ity } Arabic:”, followed by the source sentence. This
prompt design is deliberately minimal, as recent
findings by Zheng et al. (2024) show that sim-
ple instruction-style translation prompts outperform
more elaborate or template-heavy formats.

3.2.1 Pretrained baselines

As afirst baseline, we evaluate the pretrained Qwen-
2.5-7B model out-of-the-box, without any task-
specific fine-tuning or adapters. We load Qwen-
2.5-7B in evaluation mode and generate transla-
tions deterministically using greedy decoding with
a maximum generation length of 64 tokens and
a mild repetition penalty of 1.1. Prompts are to-
kenized with the native Qwen tokenizer, padded
and truncated to a maximum length of 512 tokens,
and fed to the model in mini-batches of size eight.
After generation, we slice off the prompt portion
of the output to isolate only the model-produced
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continuation and decode it into plain text.

3.2.2 Supervised fine-tuning baselines

To establish stronger baselines, we fine-tune Qwen-
2.5-7B using the same instruction-style prompts
mentioned above. We frame translation as a causal
language modeling problem: the model is given
a natural-language instruction and the source sen-
tence as context, and is trained to generate the target
sentence as a continuation. Additional fine-tuning
details are provided in Appendix A.1.

We train a multi-dialectal model with an equal
representation for all 26 dialect varieties in the
training set. To make the model explicitly aware
of the source variety when translating from Ara-
bic dialects, we add a lightweight control token of
the form <SRC:DIALECT> to the tokenizer (e.g.,
<SRC:CAI>, <SRC:ALG>). This token is included
in the prompt but masked during loss computation.
This setup encourages the model to learn both com-
mon cross-dialect structure and the fine-grained
distinctions across regional varieties.

3.3 Reinforcement Learning Framework

We next fine-tune Qwen-2.5-based policies with a
group-based policy-gradient method and a reward
signal that combines (1) a strict constraint on output
format and (2) a lexical MT quality metric. This
setup follows the general MT-R1-Zero framework
proposed by Feng et al. (2025) but instantiated for
Arabic dialect translation.

3.3.1 Group-Relative Policy Optimization

For RL, we adopt GRPO, introduced in the
DeepSeek (Shao et al., 2024), which is a simpli-
fied version of Proximal Policy Optimization (PPO).
GRPO removes the need for the learned critic in
PPO and has been shown to yield stable optimiza-
tion for small and medium-sized LLMs.

During training, for each translation query
g, we sample a group of G candidate outputs
{01,09,...,0c} from the frozen sampling policy
T,q- Each output o; receives a scalar reward 7;
computed using a rule-metric mixed reward (de-
scribed in the next section). GRPO computes an
advantage for each sample via:

7TG)
,TG) + €

r; — mean(rq, . ..
Std(?"l, o

i =

; 6]

where A; is the group-normalized advantage and e
is a small constant to stabilize variance.



The policy is then updated by maximizing the
clipped GRPO objective:

J6rpo(0) = Eqp, o;vm,,

| &
— > min ( p;A;,
&2

)
clip(pi, 1 — 2,1+ ¢) Ai)]
— B Dxu(mo || mref)
where the likelihood ratio is
7o (0;
TG4 (Oi | Q)

The Kullback-Leibler (KL) divergence penalty is
included to prevent the updated policy from drift-
ing too far from a fixed reference model ¢ (the
initialized model). The coeflicient 5 controls the
strength of this constraint, while € determines the
PPO clipping range.

3.3.2 Reasoning-structured output format

Following prior reasoning-oriented reinforcement
learning setups (Guo et al., 2025), we require the
model to separate its internal reasoning from its
final translation output using a fixed template, as
their results indicate that pure reinforcement learn-
ing with strict formatting can elicit intermediate
reasoning without gold reasoning traces.

For each input sentence, the model is prompted to
think step-by-step and then produce the translation
in the following structured format:

<think> reasoning process </think>
<translate> final output </translate>

We use the same prompting scheme as MT-R1-Zero
(Feng et al., 2025), reproduced in Appendix B, in
order to isolate the effect of reinforcement learn-
ing in our setting. The content inside <think> is
treated as a latent reasoning trace and is discarded at
evaluation time; only the span inside <translate>
is used as the system’s translation.

3.3.3 Reward Design

In line with Feng et al. (2025), we employ a rule-
metric mixed reward that combines a format reward
and a metric reward.

We first check whether o (a sampled model out-
put) conforms to the required structure, with no
malformed or repeated tags. The format reward is
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defined as:

L,
—1

if output format is correct,
, otherwise

Sformat(o) = {
4)

If the format is incorrect, we do not compute trans-
lation quality and instead assign a fixed penalty.
This encourages the model to first learn to reliably
respect the reasoning template.

When the output is correctly formatted, we use
the BLEU score as our MT metric. Given a gener-
ated translation trans and a reference ref, the metric
reward is:

&)

where B(+, -) denotes the normalized BLEU score
computed via SacreBLEU (Post, 2018). We deliber-
ately choose BLEU over semantic metrics to reduce
computational overhead during RL and to provide
clearer token-level learning signals for the dialectal
pairs.

The final scalar reward (o) combines the two
components following the rule-based structure ex-
plained above:

Smetric(0) = B(trans, ref)

Sformat(o) -2,
if Sformat(o) = _17

Sformat(o) + Smetric(0)7
if Sformat(o) =1

r(o) = (6)

Thus, misformatted outputs receive a fixed negative
reward, while correctly formatted outputs receive
a continuous reward in the range [1, 2], depending
on BLEU quality. This design provides both a hard
constraint on structure and fine-grained feedback
on translation quality, and can be plugged directly
into the GRPO objective described above.

3.3.4 Experimental Setup

We apply GRPO to two model sizes from the Qwen-
2.5-base family (Yang et al., 2025): a 1.5B and a
3B parameter model. For each size, we train two
systems: dialect—English and English—dialect.

For the dialect—English direction, we initialize
RL directly from the pretrained Qwen-2.5 check-
point. However, for the inverse English—dialect
direction, this initialization resulted in very weak
dialectal generation. We, therefore, introduced a
supervised fine-tuning warm up on the MADAR-
26 sentence pairs, followed by RL from the result-
ing checkpoints. The supervised stage serves only
to stabilize dialect generation before reasoning is
shaped through RL.



Full implementation and training details are pro-
vided in Appendix A.2 and in our public training
scripts. !

4 Evaluation

4.1 Evaluation Metrics

We evaluate all models using SacreBLEU (Post,
2018) and COMET-DA (Rei et al., 2022), which
capture complementary aspects of translation qual-
ity. SacreBLEU measures n-gram overlap between
system outputs and reference translations, provid-
ing a standardized assessment of lexical fidelity and
word-level alignment. While sensitive to morpho-
logical and orthographic variation, it remains useful
for identifying dialect-specific lexical errors.

To complement this, we use the COMET-DA
model, which predicts semantic adequacy by jointly
encoding the source, hypothesis, and reference. Un-
like BLEU, COMET rewards meaning preservation
even when lexical realization differs from the refer-
ence. Using both metrics allows us to disentangle
lexical fidelity from semantic adequacy, offering a
more comprehensive evaluation of model behavior
across the diverse set of Arabic dialects considered
in our work.

4.2 Evaluation Overview

Table 2 summarizes the translation performance
across all training approaches and both translation
directions; these are the overall scores computed
over the entire test set consisting of all 25 dialects
and MSA. Figure 1 provides a visual summary of
these overall BLEU and COMET scores across
models. Per-dialect scores, obtained by filtering
test instances by dialect, are also reported in the
Appendix: Tables 7 and 10 for the baseline models,
and Tables 11 and 12 for the RL-trained models.

In what follows, we highlight a small number of
representative scores to illustrate systematic trends,
focusing on how model behavior evolves across
training approaches.

4.3 Baseline Models

4.3.1 Pretrained Performance

Without fine-tuning, Qwen-2.5-7B demonstrates
partial semantic understanding of dialectal Arabic,
but little control over dialectal generation.

"https://github.com/Sohaila-Abdulsattar-
Mohammed/Arabic-Dialect-Translation-with-Small-LLMs-
Enhancing-through-Reasoning-Oriented-RL
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BLEU COMET

Dia—FEn

Pretrained (7B)  7.60 0.58
SFT (7B) 17.37 0.61
RL (1.5B) 27.63 0.72
RL (3B) 34.88 0.79
En—Dia

Pretrained (7B)  0.56 0.46
SFT (7B) 11.10 0.57
RL (1.5B) 10.70 0.71
RL (3B) 11.31 0.73

Table 2: Performance comparison of Qwen-2.5 across
training settings for Dialect—English and English—Di-
alect translation. Best results within each direction are
bolded.
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Figure 1: Overall BLEU and COMET scores on the
multidialect MADAR-26 test set for all evaluated models.
Our RL-trained models substantially outperform both
the pretrained and SFT baselines, with the largest gains
appearing in the Dialect—English direction.

In the Dialect—English direction, the model
achieves 7.6 BLEU and 0.58 COMET overall (Ta-
ble 2). However, Appendix Table 7 shows that the
overall score masks wide variation. Stronger di-
alects such as MSA (19.05 BLEU) and MUS (14.16)
contrast sharply with the weakest dialects, partic-
ularly SFX (3.04), TUN (3.20), and RAB (4.15).
The North African dialects yielding the weakest
scores is consistent with their greater divergence
from MSA and with their relatively low represen-
tation in multilingual pretraining corpora (Kwaik
et al., 2018).

The English—Dialect direction fails more dra-
matically. Overall BLEU drops to 0.56, with
most dialects scoring below 0.7 BLEU. Even the
strongest dialect, MSA, reaches only 2.52 BLEU,
while several dialects are effectively non-functional
with near-zero scores. However, COMET scores re-
main relatively moderate compared to BLEU (0.46
overall) because the model often defaults to MSA
instead of producing dialectal forms, as illustrated



Source (EN) We’d like to stay

for four nights
from August first.

odole LS Lol
0o Ll @)l a2ds
o a>ls poy Jol
combaucl g

sl s o 205
oo JW dsy)l
oo Jo3l &)L
okl

Table 3: Qualitative example from the pretrained Qwen-

2.5-7B evaluation. The model produces an MSA-style
translation instead of the target dialectal form.

Reference (ASW)?

Model Final Translation?

in Table 3. As a semantic metric, COMET as-
signs non-trivial scores to these outputs despite their
stylistic mismatch with the dialectal references.

Notably, zero-shot scores reflect not only weak
translation quality but also frequent violations of
the required output format, with the model often
generating extraneous text instead of a direct trans-
lation.

4.3.2 Supervised Fine-Tuning Performance

Supervised fine-tuning substantially reshapes the
pretrained behavior, with both BLEU and COMET
scores increasing markedly across the board.

For Dialect—English, SFT more than doubles
overall BLEU from 7.6 to 17.37 and raises COMET
from 0.58 to 0.61 (Table 2). Crucially, the weakest
dialects show substantial absolute gains under SFT:
SEX improves from 3.04 to 12.92 BLEU, TUN from
3.20 to 13.67, and RAB from 4.15 to 15.96 (Ap-
pendix Table 10). This indicates that SFT does not
merely amplify already-strong dialects, but teaches
the model to systematically interpret dialectal vari-
ation.

For English—Dialect, Overall BLEU increases
from near-zero to 11.10, showing that the model
begins to generate dialectal outputs instead of de-
faulting to MSA. However, COMET remains no-
ticeably higher (0.57 overall), reflecting a persistent
gap between semantic adequacy and surface-level
dialectal accuracy. This suggests that while super-

Transliteration: ihna kuna awzin nu’ud arba’ layali min
awwal yom wahid fi shahr aghustus

Snurid an nugim li-muddat arba’ layalin min tarikh al-
awwal min aghustus.
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Training Step
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Figure 2: BLEU progression during GRPO training
for all four RL models. Dialect—English models start
from the pretrained checkpoints, while English— Dialect
models begin from their corresponding SFT warm-up
checkpoints.

vised fine-tuning enables dialectal generation, the
produced outputs are often only approximate real-
izations of the target dialect.

4.4 Reinforcement Learning Models

Figure 2 summarizes BLEU progression through-
out RL training. RL yields the largest gains overall,
but its effect differs markedly by translation direc-
tion.

In Dialect—English, RL produces consistent and
substantial improvements across all dialects. The
1.5B model reaches 27.63 BLEU, while the 3B
model attains 34.88 BLEU overall (Table 2). Ap-
pendix Table 12 shows that even previously weak
dialects benefit significantly: SFX improves from
12.92 (SFT) to 20.77 BLEU under 3B RL, TUN
from 13.67 to 23.00, and RAB from 15.96 to 26.96.
At the same time, strong dialects such as MSA
(45.06 BLEU) and RIY (44.07) also improve, in-
dicating that RL does not merely rebalance perfor-
mance but raises the ceiling across the board.

Scaling from 1.5B to 3B yields uniform gains,
typically in the 7 — 10 BLEU range per dialect, with
no observed regressions. COMET scores similarly
concentrate in the high 0.8 range for most dialects,
signaling improved semantic consistency.

In English—Dialect, we first experimented with
applying GRPO directly to the pretrained Qwen-
2.5 1.5B and 3B models. In this configuration,
the 1.5B model reaches an overall BLEU of only
1.46 and COMET of 0.53, while the 3B model
reaches 2.01 BLEU and 0.58 COMET (Appendix
Table 13). To address these weak results, we first
fine-tuned the models in the English—dialect direc-
tion, then initialized RL training from these SFT
checkpoints. This SFT+RL training setup leads



to much stronger models. While BLEU remains
similar to SFT (10.70 for 1.5B and 11.31 for 3B),
COMET improves substantially from 0.57 (SFT)
to 0.71-0.73. For example, RIY improves from
13.19—13.69 BLEU but from 0.53—0.79 COMET,
suggesting that RL primarily enhances semantic ad-
equacy and preference alignment rather than exact
surface matching when generating dialectal Arabic.

4.4.1 Analysis of Reasoning Behavior

A central motivation of our reinforcement learning
setup was to encourage the emergence of explicit
reasoning behavior during translation, following
a reasoning-first paradigm similar in spirit to R1-
zero approaches (Guo et al., 2025). To this end, we
structured the model output to separate a <think>
phase from the final <translate> output, and opti-
mized the model using pure reinforcement learning
with a BLEU-based reward, without any supervised
reasoning traces.

Despite this design, our models trained with RL
do not exhibit meaningful or structured reasoning
behavior. Across both translation directions and
model sizes, the <think> segments rarely contain
step-by-step linguistic analysis, such as decomposi-
tion of dialectal morphology, lexical disambigua-
tion, or syntactic planning. Instead, the reason-
ing traces frequently collapse into superficial or de-
generate patterns. Common failure modes include
generic placeholder statements, restatements of the
input prompt, or direct duplication of the final trans-
lation within the <think> block. Representative
examples of this behavior are shown in Table 4.

Importantly, this absence of explicit reasoning
persists even as overall translation quality improves
substantially under RL. This indicates that the gains
achieved through RL are not driven by improved
reasoning quality, but rather by the direct optimiza-
tion of the BLEU-based reward. In practice, the
model learns to produce translations that score well
under the reward function without internalizing or
externalizing a structured reasoning process.

5 Conclusion

Our work tackled whether reasoning-oriented rein-
forcement learning can make small multilingual
LLMs competitive for Arabic dialect«>English

“Transliteration: wayn bawwabet al-su’ud ’a hal-tayyara?

> ayiz a’aggar "arabiyya min al-fi’a dih li-muddit yomein.

‘ayiz a’aggar sayyara min hadha al-fi’a li-muddat yomein;
‘ayiz a’aggar 'arabiyya min al-fi’a dih li-muddit yomein.
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Source (ALE)* ¢ deall Dy g

5, Lklla

Reference (EN) Where is the boarding

gate for this flight?

Model Full Output  <think> The Aleppo
Arabic sentence
</think>

<translate>Where is the
boarding gate for this

flight? </translate>

Source (EN) I’d like to rent a car of

this class for two days.

Reference (CAI) &all o duye yoll ple

NEYV-YSRRVAR-ER)

Model Full Output®  <think>8,Luw =11 ule
8oa) &l do (o
w09 </think> <trans-
late> 0 8)luw y>1l ple
w09 el (g0 diall
</translate>

Table 4: Examples of <think> segments produced by
the Qwen-2.5-3B RL-trained models, illustrating that
the reasoning segments typically collapse into shallow
or generic content rather than meaningful step-by-step
analysis.

translation, a setting that is both linguistically chal-
lenging and low-resource. Using the MADAR cor-
pus as a multidialect testbed and Qwen-2.5 1.5B
and 3B models as base architectures, we adapted the
R1-Zero RL framework to a multi-dialect setting
with a think-then-translate template, SacreBLEU-
based rewards, and SFT warmup where needed.
Overall, our GRPO-trained models consistently
and substantially improved over both the pretrained
and SFT Qwen-2.5-7B baselines, particularly in
the dialect—English direction, and achieved strong
COMET gains for English—dialect.

Our results offer two main takeaways. First, from
a practical perspective, they demonstrate that small,
open-source models when aligned with carefully
designed reward signals can outperform larger sys-
tems on challenging, low-resource MT tasks, while
remaining deployable on modest hardware. This
challenges the assumption that scale is the primary
route to better MT and suggests that RL can be an ef-
fective lever for unlocking the potential of compact
architectures, especially in settings where cost, la-



tency, and offline operation matter. Second, from a
methodological perspective, our experiments show
that RL optimized with a BLEU-based lexical re-
ward and a structured output format is sufficient to
yield substantial improvements in lexical fidelity
and semantic adequacy. Notably, these gains are
achieved even though the intermediate <think>
segments, which were intended to encourage delib-
eration, do not exhibit meaningful emergent reason-
ing in our setting.

Finally, by showing that small RL-aligned mod-
els can close and, in some cases, surpass the gap
with larger systems on Arabic dialect translation, we
hope to encourage the MT and Arabic NLP commu-
nities to invest further in open, deployable models
tailored to dialectal realities. Extending these meth-
ods to richer dialectal corpora, additional Arabic
varieties, and other diglossic or low-resource lan-
guage families could broaden access to high-quality
MT for communities that are currently underserved
by large proprietary systems.

6 Limitations

Our results should be interpreted in light of several
limitations related to data scope, task difficulty, and
training design.

All experiments are conducted on the MADAR
corpus, which is restricted to sentence-level trans-
lation in the travel domain; consequently, the ob-
served gains may not generalize to longer contexts,
more diverse genres, or naturally occurring code-
switching, which remain underrepresented in avail-
able dialectal resources.

English—Dialect translation remains substan-
tially more challenging than Dialect—English.
While RL improves semantic adequacy as re-
flected by COMET, BLEU scores remain modest.
This reflects the inherent complexity of modeling
non-standardized dialectal varieties and their fine-
grained surface realizations. Our results therefore
highlight both the promise of RL for improving
small models’ dialectal generation and how there
remains considerable headroom for future work in
this area.

Finally, while our approach is motivated by
reasoning-oriented reinforcement learning, we
study it under a controlled instantiation involving
small models and a fixed reward design. This al-
lows us to isolate the effects of reasoning-oriented
RL but does not explore the broader design space
of mechanisms that may further encourage explicit
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reasoning behavior in translation.

Taken together, these limitations highlight how
future work could explore richer reward formula-
tions, longer-context and multi-domain evaluation,
and alternative training regimes that more directly
target semantic robustness, dialectal fidelity, or in-
terpretable reasoning behavior.
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A Training Details

A.1 Supervised Fine-tuning

We fine-tune Qwen-2.5 models using
parameter-efficient LoRA adapters applied
to all attention and MLP projection layers
(q,k,v,0,up,down,gate), with rank r 16,
scaling factor o = 32, and dropout 0.05. Training
is performed for two epochs with an effective
batch size of 8 (per-device batch size 1 with
gradient accumulation), a learning rate of 5 x 1072,
and a maximum sequence length of 512 tokens.
Mixed-precision training is used, with gradient
checkpointing enabled to reduce memory usage.

All experiments are run on a single node with
two NVIDIA A100 GPUs (80GB), using distributed
data-parallel training.

A.2 Reinforcement Learning

All reinforcement learning experiments are con-
ducted using the verl’ framework with GRPO as
the advantage estimator.

We train reinforcement learning models using
GRPO on Qwen-2.5 models with 1.5B and 3B
parameters, initialized either from the pretrained
checkpoints (Dialect—English) or from the cor-
responding SFT checkpoints (English—Dialect).?
Training is performed for one epoch with a per-step
batch size of 3 and three rollouts per prompt. The
actor learning rate is set to 5 x 10~7. Maximum
prompt and response lengths are set to 384 and 768
tokens, respectively. Mixed-precision training is
used, with gradient checkpointing and fully sharded
data parallelism enabled to reduce memory usage.

For each group of rollouts generated by the frozen
sampling policy, we perform a single GRPO update
before refreshing the policy. We use a PPO clip-
ping parameter of ¢ = 0.2, while no explicit KL.
regularization is applied during training (5 = 0.0).

All reinforcement learning experiments are run
on a single node with three NVIDIA A100 GPUs
(80GB).

B Reinforcement Learning Training
Prompt

For all RL experiments, we use the same prompt-
ing scheme as MT-R1-Zero (Feng et al., 2025). We

"https://github.com/volcengine/verl

8The SFT checkpoints used to initialize English— Dialect
reinforcement learning are trained using the same procedure
described in Section A.1.
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reproduce it here for completeness and reproducibil-
ity:

A conversation between User and Assis-
tant. The User asks for a translation from
{source language/dialect name} to {target
language/dialect name}, and the Assis-
tant solves it. The Assistant first thinks
about the reasoning process in the mind
and then provides the user with the fi-
nal translation. The reasoning process
and final translation are enclosed within
<think> </think> and <translate> </trans-
late> tags, respectively, i.e., <think> rea-
soning process here </think><translate>
final translation here </translate>.

User:{source to be translated}
Assistant:



C Per-Dialect Evaluation Results of the D Per-Dialect Evaluation Results of the

Qwen-2.5-1.5B Pretrained Baseline Qwen-2.5-3B Pretrained Baseline
Dialect Dia—En En—Dia Dialect Dia—En En—Dia
BLEU COMET BLEU COMET BLEU COMET BLEU COMET

Overall 3.41 0.50 0.23 0.40 Overall 3.94 0.51 0.29 0.42
ALE 2.60 0.47 0.16 0.40 ALE 3.44 0.49 0.19 0.38
ALG 2.68 0.51 0.10 0.42 ALG 2.95 0.53 0.47 0.52
ALX 4.11 0.49 0.11 0.40 ALX 4.25 0.52 0.15 0.37
AMM  3.38 0.51 0.17 0.44 AMM 496 0.53 0.47 0.59
ASW 3.76 0.53 0.21 0.42 ASW 5.96 0.57 0.50 0.60
BAG 3.22 0.48 0.15 0.40 BAG 4.20 0.52 0.06 0.38
BAS 2.87 0.50 0.13 0.44 BAS 4.01 0.53 0.24 0.56
BEI 2.21 0.45 0.10 0.39 BEI 3.82 0.46 0.12 0.36
BEN 3.14 0.50 0.28 0.40 BEN 2.89 0.50 0.27 0.38
CAI 3.94 0.50 0.19 0.39 CAI 3.46 0.51 0.20 0.36
DAM 2.2 0.46 0.13 0.38 DAM 348 0.51 0.12 0.37
DOH 3.65 0.50 0.25 0.40 DOH 341 0.51 0.28 0.44
FES 3.59 0.50 0.30 0.41 FES 3.83 0.50 0.19 0.37
JED 2.84 0.50 0.24 0.39 JED 4.04 0.53 0.25 0.42
JER 2.49 0.46 0.10 0.37 JER 3.62 0.50 0.15 0.37
KHA 5.91 0.56 0.22 0.46 KHA 8.06 0.60 1.35 0.64
MOS 2.60 0.46 0.14 0.41 MOS 4.25 0.49 0.13 0.36
MSA 7.99 0.59 0.88 0.38 MSA 8.64 0.63 0.89 0.38
MUS 5.95 0.53 0.62 0.38 MUS 4.96 0.55 0.56 0.37
RAB 2.14 0.48 0.12 0.37 RAB 2.69 0.51 0.14 0.37
RIY 4.69 0.52 0.35 0.40 RIY 5.01 0.54 0.23 0.40
SAL 4.03 0.49 0.08 0.38 SAL 3.40 0.49 0.14 0.37
SAN 3.22 0.50 0.14 0.41 SAN 3.48 0.50 0.38 0.57
SFX 1.81 0.44 0.22 0.37 SEFX 1.27 0.44 0.14 0.36
TRI 2.54 0.50 0.09 0.40 TRI 3.11 0.50 0.12 0.38
TUN 1.87 0.44 0.09 0.37 TUN 1.72 0.43 0.10 0.36

Table 5: Per-dialect evaluation results for pretrained  Table 6: Per-dialect evaluation results for pretrained
Qwen-2.5-1.5B (out-of-the-box) across all MADAR-26 Qwen-2.5-3B (out-of-the-box) across all MADAR-26
dialects. Highlighted values indicate the top three scores  dialects. Highlighted values indicate the top three scores
within each metric column. within each metric column.
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E Per-Dialect Evaluation Results of the F Per-Dialect Evaluation Results of the

Qwen-2.5-7B Pretrained Baseline Qwen-2.5-1.5B SFT Baseline
Dialect Dia—En En—Dia Dialect Dia—En En—Dia
BLEU COMET BLEU COMET BLEU COMET BLEU COMET

Overall 7.60 0.58 0.56 0.46 Overall 11.11 0.55 8.69 0.60
ALE 8.25 0.59 0.61 0.45 ALE 9.53 0.53 9.88 0.58
ALG 7.25 0.60 0.27 0.51 ALG 10.12 0.56 7.57 0.61
ALX 8.40 0.56 0.39 0.47 ALX 12.68  0.56 7.42 0.58
AMM  8.38 0.55 0.47 0.54 AMM 9.79 0.56 14.07 0.72
ASW 7.77 0.61 0.65 0.59 ASW 11.14 0.59 12.06 0.72
BAG 7.69 0.58 0.27 0.43 BAG 11.72 0.56 5.78 0.59
BAS 7.05 0.59 0.33 0.56 BAS 10.80 054 1077  0.69
BEI 4.97 0.49 0.15 0.43 BEI 11.23 0.53 4.83 0.55
BEN 6.05 0.52 0.42 0.44 BEN 11.24 0.56 12.55 0.61
CAI 7.83 0.57 0.41 0.45 CAI 9.90 0.56 4.72 0.54
DAM 6.66 0.51 0.42 0.47 DAM 12.12 0.54 6.19 0.57
DOH 8.21 0.61 0.53 0.48 DOH 9.79 0.54 12.06 0.60
FES 6.89 0.55 0.57 0.40 FES 11.29 0.55 6.54 0.53
JED 8.40 0.60 0.48 0.48 JED 10.14 0.55 8.77 0.62
JER 8.13 0.59 0.33 0.42 JER 11.15  0.53 9.08 0.58
KHA 13.84 0.64 0.79 0.57 KHA 13.47 0.61 14.46 0.75
MOS 6.24 0.52 0.25 0.42 MOS 10.96 0.52 8.07 0.60
MSA  19.05 0.74 2.52 0.50 MSA 1284 060 1047 0.54
MUS 14.16  0.67 1.33 0.41 MUS 11.82 0.54 8.82 0.59
RAB 4.15 0.54 0.17 0.40 RAB 9.15 0.54 2.97 0.51
RIY 7.78 0.53 0.93 0.47 RIY 11.81 0.56 12.12 0.63
SAL 10.07  0.61 0.43 0.42 SAL 10.13  0.53 11.05  0.59
SAN 8.15 0.62 0.57 0.58 SAN 13.74 0.57 7.04 0.69
SFX 3.04 0.50 0.26 0.40 SFX 8.47 0.50 2.22 0.51
TRI 7.47 0.59 0.24 0.43 TRI 11.93 0.56 6.63 0.57
TUN 3.20 0.46 0.09 0.36 TUN 7.28 0.53 2.88 0.49

Table 7: Per-dialect evaluation results for pretrained  Table 8: Supervised fine-tuning per-dialect evaluation re-
Qwen-2.5-7B (out-of-the-box) across all MADAR-26 sults for Qwen-2.5-1.5B across all MADAR-26 dialects.
dialects. Highlighted values indicate the top three scores ~ Bolded values indicate the top three scores within each
within each metric column. metric column.

96



G Per-Dialect Evaluation Results of the H Per-Dialect Evaluation Results of the

Qwen-2.5-3B SFT Baseline Qwen-2.5-7B SFT Baseline
Dialect Dia—En En—Dia Dialect Dia—En En—Dia
BLEU COMET BLEU COMET BLEU COMET BLEU COMET

Overall 1024  0.53 8.82 0.57 Overall 17.37  0.61 11.10  0.57
ALE 9.73 0.50 12.06  0.57 ALE 18.58  0.59 16.82  0.60
ALG 10.52  0.54 8.80 0.62 ALG 1456  0.61 12.27  0.66
ALX 11.20  0.53 1123 0.57 ALX  20.62 0.62 7.30 0.46
AMM 1027 054 1622  0.73 AMM 1774 0.62 1897 0.74
ASW 1198  0.58 11.94  0.75 ASW 1927 0.64 13.52  0.76
BAG 8.46 0.52 2.88 0.46 BAG 1773 0.60 7.97 0.54
BAS 9.28 0.51 10.15  0.68 BAS 1592  0.60 1554  0.70
BEI 9.87 0.51 4.57 0.55 BEI 12.59  0.57 6.66 0.51
BEN 8.63 0.52 12.87  0.58 BEN 18.58  0.61 13.55 0.1
CAI 9.40 0.54 6.81 0.50 CAI 17.60  0.62 5.26 0.44
DAM 9.25 0.50 8.35 0.56 DAM 16.69  0.60 10.64  0.52
DOH 1049 0.50 11.43  0.58 DOH 1794  0.60 13.09  0.56
FES 13.75 054 5.58 0.49 FES 18.31 0.62 9.71 0.53
JED 1032 0.53 7.13 0.58 JED 14.71 0.60 9.22 0.55
JER 10.04 050 13.06 0.57 JER 16.08  0.58 10.62  0.50
KHA 15.77 0.61 1748 0.78 KHA 2196 0.68 2122 0.79
MOS 6.95 0.50 8.31 0.53 MOS 18.27  0.59 12.74  0.61
MSA 9.30 0.55 3.83 0.38 MSA 18.44  0.66 11.68  0.49
MUS 9.31 0.51 5.47 0.51 MUS 19.10  0.61 5.29 0.45
RAB 10.40  0.55 3.89 0.49 RAB 1596  0.61 5.73 0.52
RIY 8.66 0.51 8.23 0.48 RIY 16.57  0.59 13.19  0.53
SAL 8.31 0.50 10.81 0.52 SAL 1587  0.58 7.53 0.45
SAN 12.69 0.55 10.17 071 SAN 18.67  0.63 1256  0.73
SFX 9.04 0.51 1.35 0.47 SFX 1292 0.55 5.69 0.52
TRI 11.81 0.55 7.25 0.57 TRI 21.04 0.63 8.79 0.56
TUN 9.61 0.51 3.88 0.52 TUN 13.67  0.56 4.50 0.54

Table 9: Supervised fine-tuning per-dialect evaluation =~ Table 10: Supervised fine-tuning (SFT) per-dialect eval-
results for Qwen-2.5-3B across all MADAR-26 dialects.  uation results for Qwen-2.5-7B across all MADAR-26
Bolded values indicate the top three scores within each ~ dialects. Bolded values indicate the top three scores
metric column. within each metric column.
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I 1.5B Reinforcement Learning Models’ J 3B Reinforcement Learning Models’

Per-Dialect Evaluation Results Per-Dialect Evaluation Results
Dialect Dia—En En—Dia Dialect Dia—En En—Dia
BLEU COMET BLEU COMET BLEU COMET BLEU COMET

Overall 27.63 0.72 10.70 0.71 Overall 34.88 0.79 11.31 0.73
ALE 28.20 0.71 11.08 0.72 ALE 37.21 0.79 15.07 0.74
ALG 22.80 0.71 8.92 0.69 ALG 28.10 0.77 9.61 0.69
ALX 32.16 0.75 7.77 0.72 ALX 40.88 0.82 13.69 0.77
AMM  31.65 0.75 10.65 0.73 AMM  38.31 0.82 14.90 0.76
ASW 26.16 0.73 9.03 0.72 ASW 33.52 0.80 8.12 0.75
BAG 26.72 0.72 8.60 0.71 BAG 33.76 0.78 10.93 0.73
BAS 25.33 0.71 12.72 0.71 BAS 32.05 0.78 12.70 0.73
BEI 20.84 0.65 5.50 0.68 BEI 29.85 0.74 6.73 0.70
BEN 32.07 0.73 13.10 0.72 BEN 39.71 0.80 17.06 0.73
CAI 26.33 0.72 8.00 0.72 CAI 32.73 0.80 9.27 0.73
DAM  27.26 0.73 9.78 0.72 DAM  35.26 0.80 12.97 0.74
DOH 27.90 0.73 14.26 0.73 DOH 35.43 0.80 9.90 0.75
FES 28.79 0.72 9.63 0.70 FES 36.03 0.79 11.50 0.69
JED 24.78 0.72 12.38 0.73 JED 31.65 0.79 8.30 0.74
JER 28.40 0.72 13.11 0.74 JER 36.16 0.80 15.42 0.76
KHA 35.07 0.76 12.92 0.73 KHA 42.51 0.83 16.75 0.75
MOS 26.66 0.70 9.28 0.70 MOS 32.83 0.78 7.80 0.70
MSA 39.71 0.83 14.57 0.77 MSA 45.06 0.87 13.42 0.80
MUS 36.43 0.78 12.57 0.72 MUS 41.24 0.83 8.69 0.77
RAB 18.54 0.65 5.94 0.66 RAB 26.96 0.74 6.95 0.66
RIY 36.76 0.80 19.27 0.76 RIY 44.07 0.86 13.69 0.79
SAL 29.35 0.74 14.88 0.74 SAL 36.86 0.80 10.76 0.76
SAN 29.01 0.73 10.05 0.71 SAN 35.96 0.80 12.69 0.75
SFX 13.12 0.60 4.05 0.62 SFX 20.77 0.69 5.16 0.63
TRI 25.65 0.70 8.07 0.69 TRI 34.36 0.78 10.31 0.71
TUN 14.88 0.61 4.56 0.62 TUN 23.00 0.71 6.20 0.64

Table 11: Per-dialect evaluation results for the RL-  Table 12: Per-dialect evaluation results for the RL-
trained Qwen-2.5-1.5B model. Bolded values indicate  trained Qwen-2.5-3B model. Bolded values indicate
the top three scores (including ties) within each metric ~ the top three scores (including ties) within each metric
column. column.
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K English—Dialect Reinforcement
Learning Results Without Initial
Supervised Fine-Tuning

Qwen-2.5-1.5B Qwen-2.5-3B
Dialect BLEU COMET BLEU COMET
Overall 1.46 0.53 2.01 0.58
ALE 1.08 0.53 1.60 0.57
ALG 0.75 0.52 1.80 0.57
ALX 1.29 0.52 1.65 0.58
AMM  0.90 0.53 2.70 0.58
ASW 1.26 0.52 2.21 0.57
BAG 1.49 0.53 2.16 0.59
BAS 1.49 0.53 1.75 0.59
BEI 1.03 0.52 1.12 0.56
BEN 2.17 0.53 1.56 0.58
CAI 1.54 0.52 1.63 0.57
DAM 1.39 0.53 1.39 0.58
DOH 1.60 0.53 2.05 0.59
FES 0.99 0.52 2.54 0.57
JED 1.32 0.53 1.63 0.59
JER 1.51 0.53 1.83 0.58
KHA 2.10 0.54 2.53 0.59
MOS 0.96 0.52 1.51 0.57
MSA 1.44 0.53 2.90 0.60
MUS 1.94 0.54 3.72 0.61
RAB 0.95 0.51 1.08 0.54
RIY 2.65 0.54 4.14 0.60
SAL 1.96 0.53 1.88 0.58
SAN 1.54 0.53 1.38 0.58
SFX 1.15 0.51 1.06 0.54
TRI 1.65 0.53 1.25 0.57
TUN 1.09 0.51 1.15 0.55

Table 13: Evaluation results for Qwen-2.5 1.5B and
3B models trained with reinforcement learning directly
from the pretrained checkpoints, without supervised fine-
tuning. Bolded values indicate the top BLEU scores
within each column; COMET scores are not highlighted
due to heavy score concentration and frequent ties across
nearly all dialects.
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