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Abstract
This paper describes our system submitted to the AraSentEval 2026 Shared Task, Subtask 2: Arabic Sentiment
Swap. The task requires rewriting Arabic sentences to invert their sentiment polarity while preserving the core
meaning. We propose a multi-step pipeline approach that uses large language models (LLMs). Our method
decomposes the sentiment inversion problem into three stages: (1) sentiment expression extraction, where the
model identifies all sentiment-bearing words and phrases in the input sentence; (2) opposite expression generation,
where each identified expression is replaced by its semantic opposite; and (3) sentence reconstruction, where the
final output is assembled to ensure grammatical correctness and natural fluency. Our system achieves 74.3%

sentiment style accuracy, 27.22 BLEU, and 55.04 chrF on the official test set.
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1. Introduction

Sentiment analysis is a well-studied area in natu-
ral language processing (NLP). However, the re-
verse task — transforming a sentence’s sentiment
from positive to negative or vice versa — remains
a challenging and less explored problem. This
task, known as sentiment style transfer or senti-
ment swap, requires models to go beyond classifi-
cation and actually generate text with the opposite
polarity while keeping the original meaning intact
(Jin et al., 2022; Hu et al., 2022; Toshevska and
Gievska, 2022).

Arabic presents additional challenges for this
task. It is a morphologically rich language with
a complex system of roots, patterns, and affixes.
Moreover, the Arab world exhibits significant di-
alectal variation, with Egyptian, Gulf, Levantine,
and Maghrebi dialects differing from Modern Stan-
dard Arabic (MSA) in vocabulary, grammar, and
usage (Younes et al., 2020; Joshi et al., 2025). So-
cial media content, which forms the basis of the
dataset used in this shared task, is especially chal-
lenging because it mixes dialects, uses informal
spelling, and includes emojis and code-switching
(Hajbi et al., 2022).

The AraSentEval 2026 Shared Task (Ezzini
et al., 2026) addresses these challenges through
two subtasks. Subtask 1 focuses on sentiment
detection in Arabic dialects, while Subtask 2 —
the focus of this paper — targets sentiment swap.
Given an Arabic sentence and its source polarity,
the goal is to produce a new sentence that pre-
serves the core meaning but expresses the oppo-
site sentiment. The dataset is built from MA'AKS

(Mughaus et al., 2026), a manually curated parallel
dataset for Arabic text sentiment swap, containing
sentence pairs in MSA and multiple Arabic dialects
(Egyptian, Gulf, Levantine, and Maghrebi).
Recent advances in large language models
(LLMs) have shown strong capabilities in text gen-
eration, including style transfer tasks (Toshevska
and Gievska, 2025; Zhang and Tang, 2025).
Rather than fine-tuning a sequence-to-sequence
model on the training data, we propose a prompt-
based approach that leverages the linguistic knowl-
edge already encoded in LLMs. Our method
breaks the sentiment swap task into three inter-
pretable sub-tasks — analysis, replacement gen-
eration, and reconstruction — each handled by a
dedicated prompt. This decomposition allows the
model to focus on one aspect at a time, leading to
more controlled and accurate sentiment inversion.
Our main contributions are:

- A multi-step LLM pipeline for Arabic senti-
ment swap that decomposes the task into sen-
timent expression extraction, opposite gener-
ation, and sentence reconstruction.

- Anasynchronous batch processing system
that allows parallel API calls for efficient large-
scale inference.

- An analysis of the strengths and limitations of
prompt-based LLM approaches for Arabic text
style transfer.

2. Methodology

Given an input Arabic sentence s with sentiment
polarity p in {positive, negative}, the task is to gen-
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erate an output sentence § such that: (1) s has
the opposite polarity, and (2) s preserves the core
meaning and structure of s as much as possible.
The system is evaluated on sentiment style accu-
racy (whether s has the correct target polarity), and
content preservation (BLEU and chrF between s
and 3).

Our system uses a three-stage pipeline, where
each stage is handled by a separate LLM call with
a dedicated prompt. Figure 1 depicts the overall
flow of our Arabic sentiment swapper.

1. Sentiment Expression Extraction

Original sentence: Jill 3 4a5l, 4353 Jiises (s Jasess (32835 Jaad (San . aa dliaa 4525
Overall sentiment: positive
Extracted expressions (4):

1. 'lua dhaa 4,23" - positive (high importance)

2. 'l (29ds5' - positive (medium importance)

3. 'wail, 4,23 - positive (high importance)

4. 'Jill ¢3' - positive (high importance)

Reasoning: The sentence conveys positive sentiment through strong adjectives
and idiomatic praise. Key expressions include 'lua dliaa 45,a3" and 'asl,y 4 ,a3' for
high positivity, ‘'Jill ¢3' as an idiomatic strong positive, and 'buws a:d55" adding a
mild positive incentive via discount.

v

2. Opposite Expression Generation

Generated opposites:
1. e s 4,03 > Mas dhaa a3
Fits naturally: True
Adaptation:
2.l (g 50K Bl = My (2dn
Fits naturally: True
Adaptation: 4l ¥
CIDIRIRCEOR P
Fits naturally: True
Adaptation: Juail dals ¥
4. 'wall g = il sy
Fits naturally: True
Adaptation: Juail dals ¥

\4

3. Sentence Reconstruction

Original: Jall (539 a3, 4505 Jliges s lasass GANAT Jaal (Ko i dlian 4523

Swapped: i3l 3 Gaw 45 Jhagen gus . sradl (0358 Buly) Jasd (Sas L fuas G 4503

Adaptations: clsiall e Il olyball Jlasial go HISYT 5u3 Laall Ly ole Lliall &5
s Olasl ymaadl 9 8508 5als (o) yaall p20dny Bl eall bk Jasad o3 b WL ¥ Iy
Lyasn dloanl (58 oob LS Lale Gliila ol ball 45 {galaadl giall.

Figure 1: The overall flow of our Arabic sentiment
swapper

We use OpenAl's chat models accessed
through the LangChain framework. Each step pro-
duces structured JSON output that is validated us-
ing Pydantic data models to ensure consistency
and reliability.

2.1.

The first step identifies all sentiment-bearing ex-
pressions in the input sentence. We prompt the
LLM to act as an Arabic language and sentiment
analysis expert. The model is asked to detect:

Sentiment Expression Extraction

- Adjectives and descriptive phrases (e.g., ">
meaning beautiful)

- Verbs with emotional connotations (e.g., "col"
meaning | love)

- Adverbs that modify sentiment intensity (e.g.,
"l.=" meaning very)

- Idiomatic expressions (e.g., "Ml ¢;' meaning
great/perfect)

- Negations that affect sentiment (e.g., 'Jis"
meaning not)

For each identified expression, the model returns
its text, character position in the sentence, senti-
ment influence (positive or negative), and impor-
tance level (high, medium, or low). The output is
parsed into a structured SentimentAnalysis object
containing the original sentence, overall sentiment,
list of expressions, and the model’s reasoning.

2.2. Opposite Expression Generation

For each sentiment expression identified in Step 1,
the model generates an opposite expression. The
prompt includes the full original sentence as con-
text to ensure that the replacement fits semanti-
cally and grammatically. The model is instructed
to:

Generate an expression that conveys the op-
posite sentiment

- Ensure grammatical agreement (gender,
number, case) with the surrounding context

- Indicate whether the replacement fits naturally
in the same position

- Suggest any necessary adaptations if it does
not fit directly

Each replacement is returned as an OppositeEx-
pression object containing the original and oppo-
site expressions, a naturalness flag, and adapta-
tion notes.

2.3. Sentence Reconstruction

The final step takes the original sentence and all
planned replacements and produces the output
sentence. The reconstruction prompt instructs the
model to:
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Apply all expression replacements from Step
2.2

Maintain the original sentence structure and
word order as much as possible

Ensure grammatical correctness in the final
output

Make only minimal adaptations when neces-
sary for naturalness

The model returns a SwappedSentence object
containing the original sentence, the swapped sen-
tence, the list of replacements made, and a de-
scription of any adaptations.

2.4. Model Configuration and Batch
Processing

We use OpenAl’'s GPT 5 Nano model in our work.
To process the test set efficiently, we implement
an asynchronous batch processing system using
Python’s asyncio. This system processes multiple
samples in parallel.

3. Experimental Results

3.1.

The dataset is provided by the AraSentEval 2026
shared task organizers and is based on the
MA'AKS corpus (Mughaus et al., 2026). The train-
ing and validation sets contain aligned sentence
pairs with source polarity labels. The test set con-
tains only the input sentences without polarity la-
bels or reference outputs. The data includes sen-
tences in MSA and multiple Arabic dialects.

Dataset

3.2. Evaluation Metrics

The official evaluation uses three metrics, namely,
Sentiment Style Accuracy is the percentage of
outputs classified with the correct target polarity
by the CAMeL-Lab/bert-base-arabic-camelbert-da-
sentiment model (Inoue et al., 2021), BLEU (Pap-
ineni et al., 2002), and chrF (Popovi¢, 2015) mea-
sure how much of the original sentence’s content
is retained in the output. Higher scores indicate
better meaning preservation but may also indicate
insufficient sentiment change.

3.3. Results and Discussion

Table 1 shows our system’s performance on the
official test set. To better understand our system’s
behavior, we analyze several output examples. Ta-
ble 2 shows representative cases.

Table 1: Obtained results

Sentiment Accuracy (%)

Model BLEU ‘ chrF

OpenAl GPT-5-Nano ‘ 74.3% ‘ 27.22 ‘ 55.04

We observe several patterns in our system’s out-
puts. 1- Expression-level precision: The sys-
tem correctly identifies and replaces sentiment-
bearing expressions while leaving neutral con-
tent unchanged, which helps preserve the origi-
nal meaning. 2- Dialect awareness: The model
handles dialectal expressions well (e.g., " Jul 45" be-
comes syl ¢, "Liie' DECOMES "43"), sShowing that
the LLM has good knowledge of Arabic dialects.
3- Structural preservation: By constraining the
reconstruction step to follow the original sentence
structure, the system produces outputs that are
close to the input, which benefits BLEU and chrF
scores.

We observe also various limitations. 1- Error
propagation: Errors in step 2.1 (missing a senti-
ment expression) propagate to later steps, result-
ing in incomplete sentiment inversion. 2- Over-
generation: In some cases, the reconstruction
step introduces words or phrases not present in
the original sentence, reducing content preserva-
tion scores. 3- Emoji handling: The system
sometimes struggles with emojis, replacing them
with text descriptions rather than opposite emajis.
4- Multiple API calls: Each sample requires three
separate API calls, making the system slower and
more expensive than a single-model approach.

When comparing with fine-tuning approaches,
our prompt-based approach offers several advan-
tages over fine-tuning: it requires no training data
or GPU resources, can be deployed immediately,
and benefits from the LLM’s pre-existing knowl-
edge of Arabic. However, fine-tuned models may
achieve better content preservation since they can
learn the specific transformation patterns present
in the training data.

4. Conclusion

We presented a multi-step LLM pipeline for Arabic
sentiment swap as part of the AraSentEval 2026
Shared Task 2. Our approach decomposes the
problem into three interpretable stages — senti-
ment expression extraction, opposite generation,
and sentence reconstruction — each handled by
a dedicated prompt. The system uses structured
output parsing for reliability and asynchronous pro-
cessing for scalability.

Our results show that prompt-based LLM ap-
proaches can perform sentiment inversion in Ara-
bic, including dialectal text. The multi-step design
provides transparency and interpretability, as each
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Table 2: Example Outputs

Input Output Notes

o Ol (55 oty oSN 51 o JS |l o5 ikl o3 ooy 2SI J51 L JST | Negation
It gl po Jools Gidoy .. Bl o '\’éic“)‘élﬁ‘*ﬁjﬁ ALl Ol 455 p rem_o_val +
s positive restruc-

turing

das Jlsll o3, cda sy (i SNl ey Ul 838 s Jolsdl o3, class SNl 25 Gl | Minimal

s Joas JUG iasbod] ool con 328 {rlny o JU daslall J55) o | Change, good
. ) preservation

intermediate step can be inspected and debugged
independently.

For future work, we plan to: 1- explore combin-
ing LLM-based approaches with fine-tuned mod-
els in a hybrid system, 2- investigate few-shot
prompting with examples from the training set to
improve quality, and 3- experiment with newer and
more capable models.
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