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ABSTRACT

In this study, we examine sentiment swapping in Arabic dialects utilizing large language models (LLMs), which is a task that requires
the reversal of sentiment polarity while preserving meaning and dialect. Five Arabic sentiment datasets were filtered and validated
to construct a high-quality dialectal corpus, and multiple 7B to 13B models were evaluated under zero- and five-shot prompts.
The results indicate that few-shot examples consistently improve performance across all models. Qwen2.5-7B-Instruct achieved

the strongest sentiment inversion, whereas ALLaM-7B-Instruct-preview demonstrated the best dialect preservation and semantic
similarity. Overall performance remained moderate, highlighting the difficulty of polarity-controlled rewriting in dialectal Arabic.
This study provides a benchmark for future Arabic generative natural language processing research, as well as a carefully selected

sentiment-swapped dataset.
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1. INTRODUCTION

Sentiment-aware language technologies are becoming increas-
ingly important in domains such as marketing, politics, and
customer engagement based on the rapid development of dig-
ital communication. Arabic sentiment classification remains a
significant challenge, even though natural language processing
(NLP) models have achieved impressive results in English sen-
timent classification. Arabic’s rich morphology, diverse dialects,
and small number of labeled datasets have led to relatively slow
and dispersed progress. Only a single aspect of sentiment analy-
sis has been the focus of most previous studies, namely, simple
classification tasks.

A more ambitious task is sentiment swapping, which involves
rewriting text to express the opposite sentiment, while preserving
the original meaning. Sentiment swapping can expand training
data, improve dialogue systems, and strengthen content moder-
ation. However, sentiment swapping remains largely unexplored
in the Arabic language. With the assistance of large language
models (LLMs), creating parallel sentiment-swapped corpora
and design models for controlled rewriting is now feasible. This
study aims to fill an important research gap by focusing on Arabic
dialects and offering new resources and methodologies that can
enrich low-resource NLP and broaden the scope of sentiment-
based applications.

The structure of the remaining paper is as follows. Section 2 is a
literature review. Section 3 describes the methodologies. Section
4 explains the experimental setup. Section S provides the results
and discussions. Section 6 concludes the study.

2. LITERATURE REVIEW

Research on Arabic sentiment processing has primarily focused
on classification, while scant attention has been devoted to senti-
ment swapping. Early work revealed that general neural machine
translation models often fail to preserve sentiment when translat-
ing Arabic reviews, sometimes even reversing polarity, although
fine-tuning significantly improves preservation'. More recent
evaluations of ChatGPT and Bard on Saudi dialect tweets found
GPT-4 to be competitive with Arabic-BERT models in terms of
classification performance but relatively weak in terms of gener-
ating high-quality dialect text with altered sentiment”. Together,
these studies highlight both the potential and limitations of cur-
rent models for handling polarity shifts in Arabic.

Recent studies have mainly focused on LLMs built specifi-
cally for Arabic dialects. Atlas-Chat, which is a family of mod-
els fine-tuned for Moroccan Darija, demonstrates clear gains in
dialect identification and generation, highlighting how targeted
pre-training can boost accuracy under low-resource conditions .
AceGPT is an Arabic-aligned LLM designed based on regional
linguistic norms that has outperformed general models on several
Arabic benchmarks, confirming that localized alignment can sig-
nificantly improve both generation and understanding*. Taken
together, these efforts demonstrate why sentiment-swapping sys-
tems must account for dialect differences, rather than depending
solely on broad multilingual models.

Advances in sentiment style transfer beyond Arabic have
also highlighted the importance of controlled polarity inversion.
One foundational framework introduced sentiment swapping
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by removing and regenerating sentiment-bearing expressions
without requiring parallel data’. Another study stressed that
polarity flipping is central to sentiment transfer and proposed
polarity-aware denoising to reduce meaning loss during rewrit-
ing®. Within Arabic, domain-specific formality-transfer systems
have demonstrated that Arabic-oriented LLMs preserve meaning
and linguistic identity better than general models’.

Complementary research has explored more direct manipula-
tions of sentiment. For example, adversarial synonym substitu-
tion has been shown to flip classifier predictions reliably while
maintaining naturalness in Arabic text®. Additionally, models
such as ArSarcasm capture implicit sentiment inversion through
sarcasm’. Despite this progress, the scarcity of dialect-specific
datasets continues to limit the development of robust sentiment-
swapping models for Arabic dialects.

3. METHODOLOGY

3.1. Approach. Our methodology follows a structured
multistage pipeline designed to construct a high-quality Arabic
sentiment-swapped dataset. As illustrated in Figure 1, the pro-
cess began with the collection and filtering of multiple dialectal
sentiment datasets to derive clean, polarity-defined inputs that
are suitable for controlled rewriting. Several LLMs were evalu-
ated using a representative sample to identify the model most
capable of producing accurate sentiment inversions while pre-
serving meaning and dialect. After selecting the best-performing
model, the full dataset underwent sentiment swapping, followed
by automated verification steps utilizing computer-aided mecha-
tronic laboratory (CAMeL) to check whether sentiments were
actually swapped and multidialectal Arabic bidirectional encoder
representations from transformers (MarBERT )v2 to ensure that
the dialect was preserved. Only sentences that passed all quality
filters were retained, resulting in a reliable and dialect-preserving
sentiment-swapped corpus.

Recent studies on prompting-based style transfers have sup-
ported the design choices adopted in this pipeline. LLMs have
been shown to perform arbitrary text style transfer using natural-
language prompts, demonstrating that zero-shot or few-shot
prompting can replace task-specific fine-tuning in many rewriting
tasks'’. A complementary study introduced the prompt-and-
rerank method, where models generate multiple candidate out-
puts, and a downstream scoring mechanism selects the best out-
put based on content preservation and stylistic accuracy''. This
approach is closely aligned with our verification strategy, where
sentiment and dialect classifiers (CAMeL and MarBERTv2)
serve as evaluators to ensure that the generated sentences invert
polarity while maintaining the original dialect. These method-
ological foundations validate the use of prompting-based senti-
ment rewriting in our study.

3.2. Dataset. Our dataset construction process was
designed to produce a robust and dialect-focused corpus for
Arabic sentiment swapping. Five publicly available Arabic sen-
timent datasets were used. Collectively, these datasets cover a
wide range of dialectal variations across the Arab world, con-
taining over 100,000 samples before filtering. The primary
characteristics of the datasets are summarized in Table 1.

The preprocessing and filtering steps were carefully defined
to ensure that the final dataset contained only dialectal Arabic
sentences with clear sentiment polarity. The first stage involved
removing all samples labeled as neutral and retaining only those
classified as positive or negative. This restriction simplified the
sentiment polarity dimension and ensured that all entries could
be utilized effectively during the sentiment swapping process,
where distinct polarity differences are necessary.

Following sentiment selection, dialect classification was
applied to identify and exclude samples written in modern
standard Arabic (MSA). Because this study focused on Arabic
dialects, MSA samples were considered out of scope. The clas-
sification was performed using the MarBERTv2 Arabic written
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Figure 1. Overall workflow for constructing the Arabic sentiment-swapped dataset
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Table 1. Summary of collected Arabic sentiment datasets

Title Dialect Samples Final selected samples Type Source
Algerian Arabic Sentiment Analysis Dataset Algerian 1,500 292 Comments Kaggle 3
Arabic Egypt Customer Reviews Egyptian 40,046 4,960 Reviews Kaggle 4
Arabic Sentiment Twitter Corpus Multiple 58,700 7,394 Tweets Kaggle®
Twitter Dataset for Arabic Sentiment Analysis Multiple 2,000 208 Twitter Archive®
Sentiment Analysis for Moroccan Dialect Moroccan 4,337 120 Comments GitHub”

3 Algerian Arabic Sentiment Analysis Dataset

4 Arabic Egypt Customer Reviews

S Arabic Sentiment Twitter Corpus

STwitter Dataset for Arabic Sentiment Analysis
7Sentiment Analysis for Moroccan Dialect

dialect classifier, which assigns each text a predicted dialect label
with a confidence score. Only non-MSA samples with a con-
fidence score greater than or equal to 0.9 were retained. This
confidence threshold was selected to ensure high-quality dialectal
identification and minimize noise from ambiguous cases.
Although the general selection procedure was consistent
across all datasets, a few datasets required specific additional
refinements. For example, in the Arabic Egypt Customer Reviews
dataset, very short sentences containing fewer than five words
or 20 characters were excluded. Such short entries often lack

Table 2. Models and prompts used for sentiment swapping evaluation

sufficient sentiment information and are too similar to MSA,
which could have reduced dialectical clarity. In the Arabic Sen-
timent Twitter Corpus, only samples with a sentiment label con-
fidence score of one were retained. These values were provided
within the metadata of the dataset, and we ensured that only
highly reliable sentiment annotations were included.

After applying these criteria, the resulting corpus represented
a balanced and high-quality dataset of Arabic dialectal sentences
labeled according to their sentiment polarity. This refined dataset
served as the foundation for subsequent experiments on Arabic

Model

Prompt

DeepSeek-R1-Distill-Llama-70B

Sentence (in {dialect}Arabic dialect): "{sentence}"

Current sentiment: {sentiment}

Rewrite the sentence with the opposite sentiment.

Preserve the meaning and context, keep the same dialect.

Output ONLY JSON with this format: {"swapped_sentence": "<your sentence>"}.
Do NOT include any explanation, reasoning, or extra text.

DeepSeek-R1-Distill-Qwen-32B

Sentence (in {dialect}Arabic dialect): "{sentence}”

Current sentiment: {sentiment}
Rewrite the sentence with the opposite sentiment.
Preserve the meaning and context, only change the sentiment.

The swapped sentence should be in arabic only

Output only in JSON: {"swapped_sentence": "<your sentence>"}

Llama-3.3-70B-Instruct

Sentence (in {dialect}Arabic dialect): "{sentence}"

Current sentiment: {sentiment}
Rewrite the sentence with the opposite sentiment.
Preserve the meaning and context, only change the sentiment.

The swapped sentence should be in Arabic only.

Output only in JSON: {"swapped_sentence": "<your sentence>"}

Jais-Adapted-70B-Chat

Sentence (in {dialect}Arabic dialect): "{sentence}"

Current sentiment: {sentiment}
Rewrite the sentence with the opposite sentiment.
Preserve the meaning and context, only change the sentiment.

The swapped sentence should be in Arabic only
Output ONLY the rewritten sentence without explanation.
swapped sentence:

Jais-Family-30B-16k-Chat

Sentence (in {dialect}Arabic dialect): "{sentence}"

Current sentiment: {sentiment}
Rewrite the sentence with the opposite sentiment:

Preserve the meaning and context, only change the sentiment.
Output only the rewritten sentence.
### Response:
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Table 3. Performance comparisons of five models on sentiment-swapping evaluation using 200 random samples (100 positive and 100 negative)

Model Opposite swaps Neutral No change Avg. cosine similarity
Llama-3.3-70B-Instruct 117 33 NU 0.9371
JAIS-Family-30B-16K-Chat 91 34 75 0.8971
JAIS-Adapted-70B-Chat 85 56 59 0.8045
DeepSeek-R1-Distill-Qwen-32B 86 39 77 0.9545
DeepSeek-R1-Distill-Llama-70B 128 34 38 0.8937

sentiment swapping, ensuring that both sentiment and dialect
were consistently preserved throughout the data generation and
evaluation processes.

We randomly selected 200 samples (100 positive and 100 neg-
ative) from the filtered dataset to evaluate the capability of each
model to swap the sentiments of dialectal Arabic sentences while
preserving their dialectal characteristics. Five LLMs with param-
eter counts ranging from 30B to 70B were selected because these
models are typically more reliable for handling complex Arabic
dialects and are sufficiently large to generate high-quality text.
Early tests revealed that each model responded differently to
wording and formatting changes, so the prompts for each model
were modified accordingly. The final prompt versions used for
each model are summarized in Table 2. These prompts were
chosen to ensure stable outputs and allow for fair and reliable
comparisons of their sentiment-swapping performance.

The generated sentences were classified using the computa-
tional approaches to modeling language laboratory bidirectional
encoder representations from transformers base architecture
Arabiclanguage computational approaches to modeling language
BERT dialectal Arabic sentiment analysis (CAMeL-Lab/bert-
base-arabic-Camelbert-da-sentiment) model, which assigns each
sentence a positive, negative, or neutral label. This step allowed
us to measure how effectively each model reversed the sentiments
of the input sentences while preserving their dialect features. The

evaluation results, including the number of unchanged sentences,
number of successful sentiment swaps, swap rate percentage, and
average similarity between original and swapped sentences, are
summarized in Table 3.

As summarized in Table 3, the DeepSeek-R1-Distill-Llama-
70B model produces the highest number of successful sentiment
flips with 128 opposite swaps, outperforming all other mod-
els in this evaluation. Although Llama-3.3-70B-Instruct achieves
a slightly higher similarity score (0.937), it completes fewer
opposite swaps at 117. DeepSeek-R1-Distill-Llama-70B delivers
the strongest balance, effectively reversing sentiment while pre-
serving meaning, coherence, and dialectal authenticity, with an
average similarity of 0.8937. By contrast, JAIS-Family-30B-16K-
Chat and DeepSeek-R1-Distill-Qwen-32B exhibit less consistent
behavior, achieving only 91 and 86 opposite swaps, respectively.
When considering all metrics, DeepSeek-R1-Distill-Llama-70B
stands out as the most reliable option and was selected as the
main model for generating the final sentiment-swapped dataset.

To ensure that the selected model could reliably swap senti-
ments, we first verified whether it understood the original senti-
ments represented by every sample in the dataset. As summarized
in Table 4, the DeepSeek-R1-Distill-Llama-70B model was given
a sentiment classification prompt that asked it to label each sen-
tence as positive, negative, or neutral. We then compared its pre-
dictions with the ground-truth labels and retained only sentences

Table 4. Prompts used for verification and sentiment-swapping tasks when using the DeepSeek-R1-Distill-Llama-70B model

Task Prompt used

Purpose

Sentiment classification
understands dialectal Arabic.

You are an expert Arabic sentiment classifier that

Verify that the model understands the
original sentiment of all samples

Classify the following sentence into one of: Positive,

Negative, or Neutral.
Examples:

1. Sentence: "(,)._.\j\ bR grita \3l", sentiment: Positive

2. Sentence: ";:J ) se L_,,_ﬁJLA"; sentiment: Negative

3. Sentence: "gj. Brx \_Alégl_; c.'éjj\", sentiment:
Neutral

Output ONLY JSON in this exact format: {"sentiment":
"<Positive|Negative|Neutral>"}

Sentence: "{sentence}"

Sentiment swapping

Sentence (in {dialect}Arabic dialect): "{sentence}"

Current sentiment: {sentiment}

Rewrite the sentence with the opposite sentiment.
Preserve the meaning and context, keep the same dialect.
Output ONLY JSON with this format:
{"swapped_sentence": "<your sentence>"}.

Do NOT include any explanation, reasoning, or extra

text.

Generate sentences with the opposite
sentiment while preserving dialect
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that were classified correctly. This step confirmed that the model
had a solid grasp of each input before attempting to flip the
sentiments.

After filtering, we used the sentiment swapping prompt from
Table 4 to perform the actual inversion. The model was asked to
rewrite every sentence with the opposite sentiment while main-
taining the original meaning and dialectal features. A generation
limit of 1,000 tokens per sample was set to prevent truncation,
and incomplete outputs were removed. This step ensured that all
remaining swapped sentences were complete, coherent, and suit-
able for evaluating both polarity reversal and dialect preservation.
As a final quality-control step, all swapped sentences were reeval-
uated for both dialect preservation and correct polarity inversion.
Each generated sentence was first passed through the same Mar-
BERTV2 dialect classifier used during dataset filtering, and any
sample whose predicted dialect did not match the correspond-
ing original dialect was removed to ensure that rewriting did
not drift toward MSA or another dialect. The sentences were
then reclassified using the CAMeL sentiment model employed
previously, and only those whose swapped versions received
the opposite sentiment label were retained. After applying these
two verification filters for dialect consistency and accurate senti-
ment reversal, the resulting dataset contained 12974 high-quality
sentiment-swapped samples.

4. EXPERIMENTAL SETUP

All experiments were conducted using the verified dialectal
dataset described in the previous section, which consisted of
12974 samples. To ensure controlled comparisons, each model
was evaluated on the same dataset under identical prompting,
generation, and scoring conditions. Each model was configured
with a maximum generation limit of 2048 tokens to ensure suffi-
cient space for internal reasoning while guaranteeing that the final
output contained a completely swapped sentence.

Two prompting configurations were tested: zero-shot and
five-shot. These settings were selected to evaluate the extent to
which the models benefited from explicit guidance when per-
forming sentiment swapping in Arabic. The zero-shot configu-
ration tested the inherent ability of a model to understand a
task without examples, offering a baseline for general reasoning
and instruction-following capabilities. By contrast, the five-shot

configuration provided a model with several illustrative examples
of sentiment inversion, which was particularly valuable for tasks
involving subtle polarity changes and dialect preservation. Previ-
ous studies on controlled text generation have demonstrated that
few-shot prompts often improve performance by clarifying the
transformation patterns expected from the model, particularly in
low-resource or dialect-specific scenarios. All models shared the
same unified prompt template, and the examples used in the five-
shot setting were fixed across experiments. These examples were
drawn from external dialectal sentences that were not included in
the target dataset to avoid data leakage while ensuring consistent
comparisons across all models.

4.1. Models Evaluated. Six model configurations were
included in our experiments, covering three Arabic-capable
LLMs evaluated under zero- and five-shot prompting settings.
These configurations were intentionally limited to lightweight
models in the 7B to 13B parameter range to examine whether
smaller models could reliably perform controlled sentiment
rewriting in dialectal Arabic without relying on extremely large or
resource-intensive systems. Additionally, only the instruct/chat
variants of the models were selected because these models were
optimized for following instructions and generating structured
text, making them more suitable for sentiment-swapping tasks
compared with the baseline or pretrained models. Figure 2
illustrates the final set of evaluated models and corresponding
prompting configurations.

Beyond model selection, our experimental setup required the
design of a consistent prompting strategy for sentiment swap-
ping. Table S summarizes the full few-shot prompt template
utilized in the five-shot configuration, along with the examples
of sentence pairs supplied to the models. These examples illus-
trated the exact transformation expected from the model, flipping
the sentiment while preserving the original meaning and dialect.
This template was fixed across all experiments to ensure fair com-
parisons. Including these examples was particularly important for
models that struggled with instruction alignment, as the exam-
ples provided explicit guidance regarding the type of rewriting
required for the target task.

4.1.1. Evaluation metrics. To assess the performance of
each model across different prompting configurations, a set of
quantitative metrics was used to measure sentiment correctness,

ALLaM-7B-Instruct-preview

Qwen2.5-7B-Instruct

JAIS-Adapted-13B-Chat

Configurations

Zero-shot

Five-shot

) o’

A /

Figure 2. Overall framework used for benchmarking on the Arabic sentiment-swapped dataset
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Table S. Few-shot prompt and example pairs used for sentiment swapping

Prompt used

Few-shot samples

{FEW_SHOT EXAMPLES}

NOW YOUR TURN:
Sentence (in {dialect}Arabic dialect): {text}

Current sentiment: {label}
Rewrite the sentence with the opposite sentiment.

Preserve the meaning and context, only change the sentiment

The swapped sentence should be in Arabic only.

Output ONLY in JSON: {{\ "swapped_sentence\": \"<your sentence>\"}}

sentence: "ze o JSy Aday Aaadll 5 (5 8 (Jlati 03 paaall
swapped_sentence: "day ya g day pu Ae2dl) 5 s 23 ardadll’
2)

sentence: " iz Lﬁi Sl g o jia i€ oS YN
swapped_sentence: " gl i 44 g e S S Jsyr

3)

sentence: "] s 5lal) Gaden Y g e5) pitalla’
swapped_sentence: " uld (S Jaliy s lias G_”\:\Au"

4)

sentence: "}n}é & g3 gl Lo g 405 HIS A< yalle deadl)’
swapped_sentence: TS g glaS ALy 5 5 A HAlle Aaadll’
N

sentence: "z siay Lgh gom g (IS dae 38 bl
swapped_sentence: "ranity L LS gaa g RIS Ala 5 el

semantic preservation, and dialect consistency. These metrics
facilitated the comprehensive evaluation of the models’ ability to
invert sentiment while maintaining both meaning and dialectal
teatures. The full list of the metrics is summarized in Table 6.
These metrics captured both the correctness of the sentiment
inversion and the linguistic fidelity of the rewritten sentences,
supporting the well-rounded evaluation of model performance.

5. RESULTS AND DISCUSSION

5.1. Results. Table 7 summarizes the performance of all
six model configurations across four of the evaluation metrics.
Overall, the results reveal that five-shot prompting consistently
improved performance across all models. Qwen2.5-7B-Instruct
achieves the highest sentiment inversion quality, with its five-shot
configuration reaching the highest F1-score of 0.74, surpassing
the value of 0.70 in the zero-shot setting. This pattern clearly
indicates that providing examples helped the model gain a better
understanding of the sentiment-swapping task.

In terms of similarity to the ground-truth swapped sentences,
ALLaM-7B-Instruct-preview achieves the best overall alignment,
with its five-shot configuration yielding the lowest TER (49.28),
highest BLEU score (38.73), and highest BERTScore (0.871),
suggesting that the generated swaps were the most similar to

Table 6. Evaluation metrics used in our experiments

the reference sentences in terms of both lexical and semantic
similarity.

With an accuracy of 0.248 and a BLEU score of 16.13 in
the zero-shot configuration, JAIS-adapted-13B-chat performs the
worst on the majority of metrics. However, the five-shot prompt
significantly improves the results, increasing the dialect accuracy
from 0.561 to 0.789, accuracy to 0.376, and BLEU to 28.72.
JAIS benefits the most from few-shot prompting in terms of
absolute gains, despite lagging behind the other models. Overall,
the results indicate that Qwen2.5-7B-Instruct performs best in
terms of sentiment inversion, ALLaM-7B-Instruct-preview per-
forms best in terms of preserving meaning and dialect, and JAIS
exhibits weaker baseline performance with the largest improve-
ments when few-shot examples are provided.

Overall, the results demonstrate that the model performance
is generally weak to moderate, rather than strong, on this task.
The Fl-scores, which range from 0.329 to 0.74, reveal that even
the best-performing model struggles to flip sentiments consis-
tently. Similarly, BLEU scores are relatively low, usually ranging
from 20 to 38, indicating significant lexical changes and fre-
quent deviations from the expected swapped sentences. Although
potentially acceptable, BERTScore values between 0.715 and
0.871 are still below the ranges typically linked with excel-
lently controlled rewriting. Given the difficulty of the target
task, where sentiment swapping in Arabic dialects necessitates

Metric

Description

Sentiment accuracy

Percentage of sentences where the swapped sentence output received the
correct opposite sentiment label.

Sentiment F1-score

Harmonic mean of precision and recall for the sentiment classification of
swapped sentences.

Sentiment Bilingual Evaluation Understudy (BLEU) 12

Measures lexical similarity between the generated swapped sentence and
ground-truth swapped reference.

Sentiment BERTScore 13

Measures semantic similarity between the generated swapped sentence and
ground-truth swapped reference.

Sentiment Translation Edit Rate (TER) '

Edit distance between the generated swapped sentence and ground-truth
reference (lower is better).

Dialect accuracy

Measures whether the original dialect was preserved after rewriting.
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Table 7. Sentiment-swapping results

Model Fl1-score BLEU BERT Score TER
ALLaM-7B-Instruct-preview 0.59 37.75 0.869 49.97
ALLaM-7B-Instruct-preview — S shots 0.60 38.73 0.871 49.28
Qwen2.5-7B-Instruct 0.7 24.94 0.816 68.79
Qwen2.5-7B-Instruct - S shots 0.74 26.46 0.823 65.16
jais-adapted-13b-chat 0.329 16.13 0.715 78.09
jais-adapted-13b-chat — S shots 0.41 28.72 0.832 60.41

accurate polarity inversion, consistent meaning preservation, and
dialect stability without large parallel training corpora, these limi-
tations are to be expected. The relatively high TER values further
reinforce the idea that the models often rewrote sentences heav-
ily, rather than performing minimal targeted edits.

Overall, our findings indicate that current models, even those
in the 7B-13B range, are not yet sufficiently optimized for fine-
grained sentiment manipulation in dialectal Arabic, highlighting
the difficulty of the task and the requirement for more special-
ized alignment or training techniques. The sentiment accuracy
results in Figure 3 demonstrate that the overall model perfor-
mance was mediocre. With the highest accuracy, Qwen2.5-7B-
Instruct reaches a value of 0.643 in the zero-shot setting, which
improves to 0.694 with five-shot prompting, indicating that this
model is relatively consistent at flipping sentiments. With accu-
racies of 0.557 and 0.567, ALLaM-7B-Instruct-preview performs
similarly but at a lower level, exhibiting only slight improvements
with the addition of few-shot examples. The JAIS-adapted-13B-
Chat model performs poorly overall, with a very low zero-shot
accuracy of 0.248, while five-shot prompting increases its accu-
racy to 0.376. With only Qwen2.5 exhibiting consistently strong
behavior and the other models providing limited or insufficient
accuracy for this task, these results demonstrate the difficulty of

sentiment inversion in Arabic dialects, as well as the different
degrees of instruction alignment across models.

The dialect accuracy results presented in Figure 4 reveal
noticeable gaps between the models in terms of their ability
to preserve dialectal characteristics during sentiment swapping.
ALLaM-7B-Instruct-preview performs the best, achieving consis-
tently high values of 0.90 in the zero-shot setting and 0.907 with
few-shot prompting, indicating that its rewrites remained highly
faithful to the original dialect. Qwen2.5-7B-Instruct exhibits
moderate dialect preservation, improving from 0.669 to 0.715
with few-shot examples but still lagging behind ALLaM. By con-
trast, the JAIS-adapted-13B-Chat model struggles significantly,
with a low zero-shot accuracy of 0.561, suggesting a frequent
drift toward MSA or unintended dialect shifts. However, its five-
shot accuracy increases substantially to 0.789, demonstrating that
this model benefits significantly from explicit guidance. Overall,
these results indicate that although ALLaM reliably maintains
the original dialect, the other models exhibit weaker and some-
times unstable dialect consistency, underscoring the difficulty of
preserving dialect-specific linguistic features during controlled
rewriting.

The results indicate that the objectives of this study were
achieved, as the proposed methodology enabled the creation of a
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Figure 3. Sentiment accuracy results
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Figure 4. Dialect accuracy results
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validated sentiment-swapped dataset for Arabic dialects and the
evaluation of multiple large language models on the sentiment-
swapping task.

The findings support the hypothesis that large language mod-
els can perform sentiment inversion in dialectal Arabic, although
performance remains moderate and varies across models. These
results are consistent with previous studies on controlled text
generation and style transfer, while highlighting the importance
of dialect-specific adaptation in Arabic NLP. However, they dif-
fer from studies reporting stronger performance in high-resource
languages, reflecting the challenges of Arabic dialect diversity
and limited resources. Limitations include the reliance on auto-
mated evaluation metrics, the restricted set of models, and the
coverage of only a subset of Arabic dialects. Future research can
address these limitations by improving model robustness, dialect
coverage, and sentiment control accuracy.

6. CONCLUSIONS

This paper presented comprehensive evaluations of sentiment
swapping in Arabic dialects using a curated dataset and multiple
LLMs. The results show that although all models were capa-
ble of performing polarity inversion, their overall performance
remained moderate across sentiment accuracy, F1-score, BLEU,
BERTScore, TER, and dialect preservation metrics. Few-shot
prompting consistently improved performance, with Qwen2.5-
7B-Instruct achieving the strongest sentiment inversion and
ALLaM-7B-Instruct-preview demonstrating the highest seman-
tic and dialectal fidelity. The JAIS-based models exhibited the
weakest baseline performance but benefited the most from few-
shot examples, highlighting the importance of clear task demon-
strations when targeting challenging dialectal transformations.
The results also demonstrate that sentiment swapping in
dialectal Arabic remains a challenging task, as models often

introduce neutral sentiments, drift toward MSA, or rewrite sen-
tences excessively. This pattern reflects the scarcity of excellent
parallel resources and the linguistic complexity of Arabic dialects.
Regardless, this study provided a practical benchmark and a
thoroughly filtered and validated sentiment-swapped dataset of
12,974 samples, which can aid in future studies on controlled text
generation for Arabic.

The findings of this study have important theoretical and prac-
tical implications. Theoretically, they contribute to the growing
literature on controlled text generation in Arabic by provid-
ing empirical evidence on the ability of large language models
to perform sentiment swapping while preserving dialectal char-
acteristics. The results also highlight the challenges associated
with polarity-controlled rewriting in dialectally diverse and low-
resource language settings. Practically, the validated sentiment-
swapped dataset developed in this study provides a valuable
benchmark for future Arabic NLP research and may support
the development, training, and evaluation of sentiment-aware
language technologies. Furthermore, the findings offer guidance
for researchers and practitioners regarding model selection and
prompting strategies for dialectal Arabic text generation tasks.

Future research may expand upon our findings by developing
models that more closely match the linguistic features of Ara-
bic dialects. Stability can be enhanced, and meaning drift can be
reduced through techniques such as fine-tuning on richer dialec-
tal corpora, improving model alignment for polarity control, and
progressively expanding the dataset to cover a wider variety of
dialects. Future studies may also investigate additional Arabic
dialects, alternative prompting strategies, and domain-specific
applications of sentiment swapping. We anticipate that model
capacity for controlled sentiment rewriting will improve with
increased exposure to sentiment-flipped patterns and dialect-
specific structures, facilitating more precise and reliable handling
of polarity inversion in real-world Arabic texts.
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