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Abstract

Prompt relevance is a critical yet underexplored
dimension in Arabic Automated Essay Scoring
(AES). We present the first systematic study
of binary prompt-essay relevance classification,
supporting both AES scoring and dataset an-
notation. To address data scarcity, we built
a synthetic dataset of on-topic and off-topic
pairs and evaluated multiple models, includ-
ing threshold-based classifiers, SVMs, causal
LLMs, and a fine-tuned masked SBERT model.
For real-data evaluation, we combined QAES
with ZAEBUC, creating off-topic pairs via
mismatched prompts. We also tested prompt
expansion strategies using AraVec, CAMeL,
and GPT-40. Our fine-tuned SBERT achieved
98% F1 on synthetic data and strong results
on QAES+ZAEBUC, outperforming SVMs
and threshold-based baselines and offering a
resource-efficient alternative to LLMs. This
work establishes the first benchmark for Arabic
prompt relevance and provides practical strate-
gies for low-resource AES.

1 Introduction

Prompt relevance, or the degree to which an essay
responds to its prompt, remains a critical yet under-
studied factor in Automated Essay Scoring (AES),
particularly for Arabic. It captures a learner’s task
alignment and comprehension, while also support-
ing trait-specific scoring and filtering off-topic es-
says for annotation (Persing and Ng, 2014; Cum-
mins et al., 2016). Despite its value, prompt rele-
vance has received limited attention, particularly
for Arabic. English-language studies typically
handle it implicitly, using feature-based (Persing
and Ng, 2014), sentence-level (Rei and Cummins,
2016), or embedding-based approaches (Albatarni
et al., 2024). Arabic, however, faces additional
challenges like short prompts, topic drift, and a
lack of annotated data. Existing Arabic AES work
mainly targets holistic scoring (Lotfy et al., 2023;

Ghazawi and Simpson, 2025), with no efforts ex-
plicitly modeling relevance.

Our goal is to build and evaluate models for
prompt relevance classification. We focus on de-
tecting whether a student’s essay addresses a given
prompt, using a combination of manual annota-
tions, prompt expansion techniques, and relevance
classification models.

During dataset construction, a relevance clas-
sifier can serve as a prefilter to automatically de-
tect and exclude off-topic essays before annota-
tion. This reduces annotation cost and effort, mini-
mizes noise, and ensures that both trait-specific and
holistic scoring models are trained only on essays
aligned with their prompts. This is especially im-
portant consideration in low-resource contexts like
Arabic AES, where manual annotation is costly.

Within AES systems, the relevance classifier can
operate as a first-stage module, passing only rele-
vant essays to the scoring module. This prevents
inflated or misleading scores for off-topic essays,
thereby enhancing the validity and reliability of
educational assessments.

To the best of our knowledge, this is the first
study to explicitly model prompt relevance in Ara-
bic. Our contributions are as follows:

* We construct prompt-relevance annotations
for previously unannotated Arabic datasets to
enable supervised modeling.

* We compare several prompt expansion tech-
niques to enhance essay-prompt alignment.

* We propose and evaluate multiple classifica-
tion approaches, including threshold-based,
SVM, causal LLMs, and a fine-tuned masked
transformer-based model for prompt-essay rel-
evance classification.

The paper is organized as follows: §2 reviews
related work; §3 describes the datasets; §4 outlines
prompt expansion strategies; §5 presents our clas-
sification methods; and §6 reports results.
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2 Related Works

Prompt relevance has received limited attention
in the AES literature, despite its importance for
both trait-specific scoring and data quality control.
Early work in English AES modeled this aspect us-
ing feature-based methods. Persing and Ng (2014)
introduced prompt adherence modeling with SVMs
using lexical and semantic features, while Mathias
and Bhattacharyya (2018) used random forests to
assess holistic and trait-level score.

Early methods also explored prompt-essay simi-
larity using traditional retrieval techniques. Cum-
mins et al. (2016) computed cosine similarity be-
tween TF-IDF vectors of essays and expanded
prompts, where expansion terms were generated
via random indexing, CBoW, and pseudo-relevance
feedback. More recently, Albatarni et al. (2024)
proposed a dense retrieval approach using Con-
triever embeddings to model essay—prompt simi-
larity without feature engineering, achieving state-
of-the-art results. This highlights the potential of
embedding-based methods for semantic alignment.

In Arabic AES, QAES (Bashendy et al., 2024)
is the only publicly available dataset annotated for
multiple traits, including prompt relevance. Recent
systems such as Lotfy et al. (2023) and Ghazawi
and Simpson (2025) focus solely on holistic scoring
using BERT-based models, without trait-specific
annotations.

To improve cross-prompt robustness, recent
models integrate prompt information during train-
ing (Li and Ng, 2024), and adopt contrastive
and meta-learning techniques to generalize across
prompt distributions in low-resource settings (Chen
and Li, 2024). Although not always termed prompt
expansion, these approaches improve prompt rep-
resentations to better model topical relevance and
the alignment of the essays.

3 Datasets

QAES The QAES dataset (Bashendy et al.,
2024), built on the Qatari Corpus of Argumenta-
tive Writing (QCAW) (Ahmed et al., 2024), is the
only publicly available Arabic AES resource with
trait-specific annotations, including prompt rele-
vance!. However, it contains only two semantically
similar prompts (Telecommunication and Technol-
ogy), with a skewed distribution favoring relevant
essays. We excluded the ambiguous “partially rele-
vant” PR class from our experiments, due to many

lhttps ://gitlab.com/bigirqu/qaes

R NR PR Total

Train 39 1 18 58
Dev 24 0 15 39
Test 63 3 32 98
Total 126 4 65 195

Table 1: QAES dataset statistics. R (Relevance), NR
(Non-relevance), PR (Partial Relevance).

CEFR Level Count Percentage
A2 7 3%

B1 110 51%

B2 80 37%

C1 11 5%
Unassessable 6 3%
Total 214 100%

Table 2: ZAEBUC corpus CEFR level distributions.

reasons such that the PR label is inconsistently ap-
plied and often ambiguous, and we found essays
addressing multiple prompts labeled as PR, further
complicating interpretation.Table 1 shows the label
distribution.

ZAEBUC ZAEBUC (Habash and Palfreyman,
2022) is a bilingual Arabic-English dataset of 214
essays written by first-year university students at
Zayed University, UAE?. Covering three diverse
prompts (Social Media, Tolerance, Development),
it offers broader topical coverage than QAES. Es-
says are manually annotated with CEFR levels but
lack explicit prompt-essay relevance labels. Table 2
shows the CEFR distribution.

Essay Filtering To verify prompt—essay align-
ment, we used a GPT-based classifier to predict
the most likely prompt for each essay and we com-
pared it to the original assignment. Essays refer-
encing multiple prompts were excluded to ensure a
clean relevance signal, yielding a final set of 176 es-
says. For each, we generated off-topic examples by
duplicating the essay and randomly reassigning a
different prompt, labeling the pair as non-relevant.

Merged Set (QAES + ZAEBUC) To overcome
the limited prompt diversity in QAES and enhance
model generalization, we merged QAES with the
filtered ZAEBUC dataset. The resulting combined
dataset includes five distinct prompts, providing
broader coverage of topics and essay styles.

2http://www. zaebuc.org/
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R NR Total

Train 2280 2280 4560
Dev 480 480 960
Test 460 460 920

Table 3: Synthetic dataset. R (Relevance), NR (Non-
relevance).

R NR Total

QAES 126 130 256
ZAEBUC 176 176 352
QAES + ZAEBUC 302 306 608
Sythetic data 3220 3220 6440

Table 4: Relevance dataset statistics. R (Relevance),
NR (Non-relevance).

3.1 Synthetic Dataset

We use a synthetic dataset® of 3,220 GPT-4o-
generated essays in response to 155 prompts across
CEEFR levels (Qwaider et al., 2025). To simulate
large-scale relevance classification, each essay was
duplicated, with one paired with its original prompt
(relevant) and the other with a randomly selected
prompt (non-relevant).

The synthetic dataset was split at the prompt
level, with each split (train/dev/test) containing a
unique set of prompts and essays. There is no
prompts/essays overlap between splits, and each
was processed independently when creating the
on/off-topic relevance pairs to ensure no cross-split
contamination. Table 3 presents the distribution of
the two relevance classes across the train, develop-
ment, and test splits.

Due to the scarcity of large-scale annotated data,
this synthetic train-set serves as the main training
resource. The development set is used only for hy-
perparameter tuning, and early stopping. We eval-
uate models on the QAES dataset, the combined
QAES+ZAEBUC dataset, and the synthetic test set
to assess generalisation across real and synthetic
data (see Table 4).

4 Prompt Expansion Methods

Short prompts often lack semantic depth, reduc-
ing the effectiveness of similarity-based methods
(Cummins et al., 2016). To enhance their meaning,
we apply five expansion strategies, clustering each
prompt with semantically related terms.The orig-
inal prompts range in length from 3 to 26 words;

3https://github.com/mbzuai-nlp/
arabic-aes-bea25

therefore, we apply expansions to the all prompts to
ensure experimental consistency. The unexpanded
prompt is used as a baseline.

AraVec We applied word-level expansion using
the AraVec Wikipedia-SkipGram model (Soliman
et al., 2017). Each prompt was first tokenized, and
cleaned by removing stopwords. For each remain-
ing word, we retrieved its top five most similar
words based on cosine similarity in the AraVec em-
bedding space. Out-of-vocabulary (OOV) words
were marked accordingly.

CAMeLBERT We applied a contextualized
prompt expansion using CAMeLBERT (Inoue
et al., 2021). Prompts were tokenized using the
CAMeL tokenizer, and each word was masked in
context to generate the top five substitutes via a
fill-mask pipeline.

POS-Aware Prompt Expansion We imple-
mented two POS-aware prompt expansion strate-
gies using Arabic linguistic tools. In the AR-
AVEC_POS method, we use the CAMeLBERT Dis-
ambiguator (Inoue et al., 2022) for part-of-speech
tagging and retrieve the top 10 similar words from
AraVec for nouns and the top 5 for other POS
tags, prioritizing content-rich terms. The CAMeL-
BERT_POS method follows the same POS-guided
approach but uses CAMeLBERT as a masked lan-
guage model, combining contextual predictions
with linguistic relevance to produce richer, POS-
sensitive expansions.

GPT-40 Expansion We used GPT-4o0 for struc-
tured prompt expansion by generating five subhead-
ers per Arabic prompt. For every subheader, the
model was instructed to suggest five relevant clue
words that students might use. This approach pro-
vides topic-focused, semantically rich prompt ex-
pansions. The prompt used for this task is shown
in Figure 2 (Appendix C), and a full example is
provided in Appendix A.

S Methodology

5.1 Semantic Similarity Modeling

To model prompt—essay semantic relationships,
we use sentence embeddings from various pre-
trained language models. For each model, we ex-
tract vector representations for both the essay and
its corresponding (original or expanded) prompt.
The language models employed include Arabic-
specific models such as CAMeLBERT (Inoue et al.,
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Model Version / Source Size
CaMELBERT bert-base-arabic-camelbert-mix 110M
AraBERT AraBERTV0.2-base 136M
SBERT paraphrase-multilingual-MiniLM-L12-v2 118M
MARBERT UBC-NLP/MARBERT 163M
ARBERT UBC-NLP/ARBERT 163M
Matryoshka STS omarelshehy/arabic-english-sts-matryoshka-v2.0  560M
MoE nomic-ai/nomic-embed-text-v2-moe 305M
LaBSE LaBSE 471M
DistiIBERT-based  distiluse-base-multilingual-cased-v1 135M
Multilingual BERT bert-base-multilingual-cased 179M

Table 5: Embedding models used in our experiments along with their sizes.

Model Expansion Method AvgR AvgNR Diff StdevR Stdev NR
Original 0.7100 0.3065 0.4035 0.1337 0.1246
Aravec 0.6503  0.3060 0.3443 0.1310 0.1247
CAMEL 0.5666 0.2736  0.2930  0.1387 0.1174
PMMLM12v2 Aravec_POS 0.6407 0.3105 0.3302 0.1467 0.1288
CAMEL_POS 0.6159 0.2948 0.3211 0.1412 0.1172
GPT 0.6999 0.3228 0.3771 0.1324 0.1520
Original 0.6479  0.2925 0.3554 0.0867 0.0606
Aravec 0.6037 0.3464 0.2574 0.0815 0.0544
NETv2-m CAMEL 0.6019 0.3622 0.2397 0.0832 0.0581
Aravec_POS 0.6138 0.3621 0.2517 0.0833 0.0548
CAMEL_POS 0.6358 0.3906 0.2451 0.0836 0.0614
GPT 0.7455 0.4180 0.3275 0.1016 0.0787
Original 0.4381 0.1174 0.3207 0.1019 0.1008
Aravec 0.4805 0.1860 0.2945 0.1037 0.1009
DBMCv1 CAMEL 0.4823 0.1900 0.2923  0.0910 0.1030
Aravec_POS 0.4797 0.1958 0.2839 0.0953 0.1018
CAMEL_POS 04760 0.2015 0.2745 0.0913 0.1033
GPT 0.5542  0.2081 0.3461 0.0957 0.1192

Table 6: Cosine similarity statistics across models and prompt expansion methods in the synthetic test-set. R (Rele-
vance), NR (Non-relevance), Diff (Difference), PMMLM12v2 (paraphrase-multilingual-MiniLM-L12-v2), NETv2-
m (nomic-embed-text-v2-moe), DBMCv1 (distiluse-base-multilingual-cased-v1).

2021), AraBERT (Antoun et al.), MARBERT, and
ARBERT (Abdul-Mageed et al., 2021); multilin-
gual models like mBERT (Devlin et al., 2018),
LaBSE (Feng et al., 2022), and DistilUSE (Yang
et al., 2019); as well as cross-lingual and Semantic
Textual Similarity STS optimised models includ-
ing SBERT (Reimers and Gurevych, 2019), Ma-
tryoshka (Kusupati et al., 2024), and the Mixture of
Experts model (Nussbaum and Duderstadt, 2025).
Table 5 shows the used LMs.

We start by evaluating on the synthetic dataset.
For each LM and expansion method, we compute
cosine similarity between prompt and essay em-
beddings. We report the mean and standard devi-
ation of semantic similarity per class (ON/OFF),

using the mean difference as a discriminative in-
dicator. Table 6 highlights the top results while
the full results are in Appendix B. Among all ex-
pansion methods, the original prompt and GPT-
based expansion consistently achieved the high-
est separation between relevance classes across
models. Based on these results, we retain these
two settings for subsequent experiments. Tables 7
and 8 present the results for the top models in the
two most effective prompt settings evaluated in the
QAES dataset and the combined QAES+ZAEBUC
dataset, respectively. Among all evaluated mod-
els, the (paraphrase-multilingual-MiniLM-L12-v2)
model achieved the highest class separation across
both prompt settings. Based on these results, we
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Model Expansion AvgR AvgNR Diff Stdev R Stdev NR

Original 0.6322  0.3356  0.2967  0.1211 0.0919

PMMLMI2v2 ot 05849 04637 0.213 01178  0.0993
NETv2 Original  0.6402 03803 02599  0.0486  0.0488
ve-m GPT 0.5982 04613  0.137  0.0860 0.0731
Original 03778 0.1006 02772 0.1325  0.0868

DBMCv1 GPT 03484 02615 00869 00991  0.0891

Table 7: Cosine similarity statistics across models and prompt expansion methods in the QAES dataset. R (Rele-
vance), NR (Non-relevance), PMMLM12v2 (paraphrase-multilingual-MiniLM-L12-v2), NETv2-m (nomic-embed-
text-v2-moe), DBMCv1 (distiluse-base-multilingual-cased-v1).

Model Expansion Method AvgR AvgNR Diff StdevR StdevNR
Original 0.6919 0325 03669 0.1515  0.1077
PMMLMI2v2 oy 0.6014 03882 02132 0.1394  0.1241
NETvam Original 0.6278 03029 03249 00604  0.0899
v2- GPT 05679 03841 0.1838 00838  0.1031
Original 04131 0.1323 02809 0.1244  0.1009
DBMCv1 GPT 03559 0.1893 0.1667 0.1026  0.1177

Table 8: Cosine similarity statistics across models and prompt expansion methods in the QAES+ZAEBUC dataset.
R (Relevance), NR (Non-relevance), PMMLM12v2 (paraphrase-multilingual-MiniLM-L12-v2), NETv2-m (nomic-
embed-text-v2-moe), DBMCv1 (distiluse-base-multilingual-cased-v1)

retain the paraphrase-multilingual-MiniLM-L12-
v2 model for subsequent experiments, with further
analysis provided in §6. These measurements pro-
vide insight into the semantic separability of rele-
vant and non-relevant pairs and serve as a founda-
tion for threshold-based and classification models.

5.2 SVM Classifier

To establish a baseline beyond cosine similarity, we
train a Support Vector Machine (SVM) classifier
using the synthetic dataset. This setup enables us
to evaluate the effectiveness of discriminative mod-
elling compared to raw embedding similarity. Each
input to the model consists of the concatenated em-
beddings of the essay and its corresponding prompt.
In an alternative setting, the cosine similarity be-
tween these embeddings is also included as an addi-
tional feature. The SVM is trained on the synthetic
training data and evaluated across three datasets.

5.3 Threshold Classifier

As a simpler alternative to supervised learning, we
implement a threshold-based classifier using cosine
similarity between prompt and essay embeddings.
To set the threshold we compute the mean cosine
similarity for relevant pairs (avg_sim) and non-
relevant pairs (avg_dis) on the development split.

As a lightweight baseline, the decision threshold
is set to the midpoint between these two means,
providing a transparent and reproducible reference
point. This fixed threshold is then applied to the
held-out test set for evaluation®. The classifier op-
erates under a simple decision rule: if the similarity
score exceeds the threshold, it predicts relevant;
otherwise, it predicts not relevant. This approach
provides a reference point for comparing the ef-
fectiveness of embedding-based similarity against
more complex classifiers such as SVMs and LMs.

5.4 LLMs as classifiers

To explore how far the latest generation of small
causal LLMs (<7B parameters) can meet this need
in Arabic, we adapt a range of recently released
open-weight checkpoints as essay-prompt rele-
vance classifiers through prompt-engineering strate-
gies and map free-form responses to relevant/not-
relevant labels. This setup allows us to directly
compare how these small LLMs perform against
embedding-based methods, SVMs, and fine-tuned
masked transformer models on the same task.
Small LLMs set consists of ten open-weight model

*For example, paraphrase-multilingual-MiniLM-L12-v2,
relevance mean = 0.7, non-relevance = 0.3, making 0.5 a
reasonable decision boundary.
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versions between 0.5B and 6.7B parameters with
Arabic support published in the last year. Gemma
3 series includes the 1B and 4B instruction-tuned
modern decoder-only models. The Falcon H1 (hy-
brid architecture: Attention + SSM, Mamba 2)
(Falcon-LLM-Team, 2025) contributes a 0.5B in-
struction model and a 1.5B version with a reason-
ing feature, allowing us to test whether extra steps
improve relevance judgments. Qwen 3 (An Yang,
2025) adds 0.6B and 1.7B checkpoints, both ex-
ploited with “thinking mode” chain-of-thought
support. Finally, the Arabic-centric Jais-Family
(Sengupta et al., 2023) (Inception, 2024) offers a
smooth size ladder - 560 M, 1.3B, 2.7B, and 6.7B
chat models.

We treat topic relevance as a binary question-
answering task framed through chat completion.
For each essay, the model is prompted with a task
definition, an (expanded) prompt, and the essay
text, ending with: “Is the essay relevant to this
topic? Answer Yes or No.” The prompt includes
two-shot examples (one relevant and one not). We
use models as-is, without fine-tuning, and convert
their free-form responses into binary labels: “Yes-
like” = 1 (relevant), “No-like” = 0. An English-
translated prompt schema is in Appendix E. For
models with built-in reasoning modes (e.g., Qwen’s
"thinking" mode, Falcon-H1’s reasoning variant),
we enable them to support multi-step logic. All
models use conservative decoding settings: low
temperature (0.3), high top-p (0.8), and generation
restricted to a single token.Despite this, responses
vary ranging from English (“yes”, “no”) to translit-
erated Arabic (“na’am”, “laa’”) or numeric forms (1,
0, -1). We map outputs to binary labels: affirmative
forms map to 1 (relevant), and negative forms to 0
(not relevant). Unrecognized responses map to 0.

5.5 Fine-Tuned Language Models

To enhance relevance modeling beyond static em-
beddings, we fine-tune a SBERT model using our
synthetic dataset. The goal is to learn more ex-
pressive semantic representations that capture the
alignment between prompts and essays. We use
a cosine similarity loss to directly optimize the
model’s embedding space such that semantically
related prompt-essay pairs are brought closer to-
gether. We conduct experiments on both the orig-
inal and GPT-expanded prompts using the best-
performing paraphrase-multilingual-MiniLM-L12-
v2 model.

Evaluated the model across three test conditions

Model / Version Size
FalconH1
Falcon-H1-0.5B-Instruct 997TM
Falcon-H1-1.5B-Deep-Instruct ~ 3.0G
Qwen3
Qwen3-0.6B 1.5G
Qwen3-1.7B 3.8G
Gemma-3
gemma-3-1b-it 1.9G
gemma-3-4b-it 8.1G
Jais-Family
jais-family-590m-chat 2.9G
jais-family-1p3b-chat 5.9G
jais-family-2p7b-chat 12G
jais-family-6p7b-chat 27G

Table 9: Small LLMs used in our experiments along
with their sizes.

and two prompt configurations. These evaluations
allow us to assess the model’s ability to general-
ize beyond the synthetic domain and determine
whether supervised fine-tuning improves relevance
detection over the baseline SVM model and com-
pared to a simple threshold approach.

Table 15, in Appendix G summarizes the hyper-
parameter settings used across all models.

6 Results and Discussion

6.1 Semantic Similarity Modeling

We evaluated cosine similarity scores to compare
models and expansion strategies. Original and
GPT-40-expanded prompts showed the best class
separation, for instance, SBERT achieved gaps of
0.4035 (original) and 0.3771 (GPT), outperform-
ing Aravec (0.3443) and CAMeLBERT (0.2930),
(see Tables 6,12). These results expose the limi-
tations of non-contextual embeddings like Aravec,
which often retrieve off-topic words due to OOV
issues and lack of contextual awareness, especially
in short prompts (Mikolov et al., 2013). CAMeL-
BERT, while leveraging masked language mod-
eling, can fail in short-text contexts. For exam-
ple, when key tokens & b.a (hobby) is masked in

"lag lea s & as " (Talk about a hobby you
like), the model can retrieve generic or unrelated
terms like 45\, (sport) or 4> (country), which
may not fit well in context. Such substitution noise
reduces semantic precision. GPT-4o0-based expan-
sions outperform other strategies, likely due to their
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Dataset (Prompts) Syn Q QZ
Original GPT Original GPT Original GPT

Models Acc F1 Acc Fl Acc F1 Acc Fl Acc F1 Acc Fl
SVM

Embedding 73 71 79 77 59 50 65 46 73 70 57 51

"Embedding+SS 88 88 91 91 51 34 55 44 50 34 52 38

Threshold 95 95 90 90 89 88 71 74 91 91 82 82
Small LLMs

FalconH1-1.5B-DI 97 96 88 90 88 87 80 75 95 94 91 90

Qwen3-1.7B 97 97 85 83 90 89 76 69 92 92 82 80

Gemma-3-1Bit 81 76 53 14
Jais-Family-6p7b 91 90 80 76

Fine-Tune SBERT
PMMLM12v2 98 97 98 97

86 8 73 76 91 91 8 86

Table 10: Overall performance comparison across models and methods, including SVM classification, threshold-
based classification, small LLMs, and fine-tuned SBERT. Evaluations are conducted on Syn (Synthetic test_set), Q
(QAES), and QZ (QAES_ZAEBUC). Reported metrics are Accuracy (Acc) and Fl-score (F1) in (%).

semantically rich prompts with subheaders and clue
words, which provide stronger contextual ground-
ing for modeling prompt—essay relevance.

In terms of dataset effects, synthetic data shows
high class separability (e.g., SBERT = 0.4035),
while QAES, limited to two similar prompts, ex-
hibits much smaller gaps (SBERT = 0.2967). Merg-
ing with ZAEBUC increases topic diversity and
restores separability (SBERT = 0.3669), confirm-
ing the benefit of broader prompt coverage. (See
Table 7, 8). Finally, Sentence Transformer models
like SBERT MinilLM, nomic-MoE, LaBSE outper-
form others due to their training on STS tasks and
use of Siamese architectures tailored for sentence-
level comparison, unlike token-focused models as
CAMEeLBERT or MARBERT. These models also
exhibit lower standard deviation, indicating more
reliable similarity judgments across domains.

6.2 SVM Classification

To evaluate the effectiveness of traditional super-
vised models, we built an SVM classifier. Table 10
presents the overall performance of all proposed
models. As shown, in the SVM_synthetic setting,
adding cosine similarity significantly boosted per-
formance. With GPT-expanded prompts, the F1
score rose from 77% to 91%, while for original
prompts, it improved from 71% to 88%. This is ex-
pected, given that the synthetic data used for both
training and testing shares a consistent structure,
generator (GPT-40), and topical coherence. These
conditions make the decision boundary between rel-
evant and non-relevant pairs easier for the model to

learn. See Appendix D, Table 13, for the complete
evaluation of the synthetic data set across language
models.

In real data, however, this advantage does not
hold. In the QAES data set, adding cosine similar-
ity reduced F1 performance from 50% to 34% for
the original prompts and from 46% to 44% for GPT
prompts. On the merged QAES+ZAEBUC dataset,
similarity still failed to help, with F1 scores remain-
ing low (38% with GPT + similarity). The best real-
world result was achieved using only embeddings
with original prompts on the QAES+ZAEBUC
dataset (F1 = 70%). This highlights that increasing
topic diversity can improve the classifier’s abil-
ity to learn separable decision boundaries, but
only when using the original prompts. In contrast,
GPT-expanded prompts introduce additional re-
lated words across prompts, which blur the bound-
aries between relevance classes and confuse the
classifier. These results suggest that in supervised
models like SVM, prompt expansion can some-
times hurt performance by introducing cross-topic
noise, mainly when relevance depends on subtle
topic differences. This supports findings that co-
sine similarity underperforms in dense spaces or
with misaligned embeddings (Steck et al., 2024).

6.3 Threshold-Based Classification

We implemented a cosine similarity threshold-
based classifier using a fixed threshold of 0.5 ap-
plied to sentence embeddings SBERT (paraphrase-
multilingual-MiniLM-L12-v2), see Table 10. On
the synthetic test set, the cosine similarity thresh-
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old classifier achieves strong results, reaching an
F1 score of 95% for the original prompt and 90%
with the GPT-expanded prompt. These high scores
demonstrate the effectiveness of simple similarity-
based decisions in controlled, GPT-generated en-
vironments where prompt-essay pairs are clearly
aligned. In the QAES dataset, performance de-
clines where F1 drops to 88% (original) and 74%
(GPT). This decline reflects the compressed se-
mantic margins caused by overlapping prompt
topics, where many non-relevant essays still ex-
hibit moderate similarity scores, making them
harder to separate using a fixed threshold. In-
terestingly, performance improves again on the
QAES+ZAEBUC dataset, with F1 scores rising
to 91% (original) and 82% (GPT). Broader topic
diversity improves separability in the embedding
space, enhancing thresholding effectiveness. Over-
all, the threshold-based classifier is lightweight yet
competitive—outperforming SVMs on real essays
and closely matching advanced models on synthetic
data. However, its reliance on a fixed threshold lim-
its robustness in cases of high semantic overlap
or domain shift, underscoring the need for more
adaptive approaches.

6.4 Small LLM Classifiers

Table 10 reports the top performing model from
each LLM family, while the complete results are
provided in Appendix F, Table 14. The results con-
sistently indicate that model size, measured by the
number of parameters, is the best indicator of accu-
racy on topic-essay relevance. On every dataset, the
models above the 1B - Falcon-1.5B-Deeplnstruct,
Qwen3-1.7B, and the larger Jais-Family versions
- clearly outperform the SVM baseline. An excep-
tion is the Gemma-3 series: despite scaling from
1B to 4B parameters, both versions lag behind the
baseline across all three test sets. Adding a GPT-
expanded prompt led to a decline in performance
for small LLMs. We attribute this to the expan-
sion narrowing the semantic scope: many essays
mention the main topic obliquely but omit several
of the newly appended keywords, prompting the
classifier to over-penalize otherwise relevant an-
swers. Reasoning models like Falcon-H1-1.5B and
Qwen3-1.7B, with built-in chain-of-thought capa-
bilities, match or exceed cosine-based classifiers
without fine-tuning. They achieve over 96% F1
on synthetic data, 87% on QAES, and 92% on
QAES+ZAEBUC, suggesting that self-reasoning
aids in identifying core topical cues, even in longer

or noisier essays. However, these gains come at
a steep computational price: a Falcon-H1-1.5B
run needs over 25x the memory footprint (Table
5, 9) and approximately 50x the inference time of
SBERT, making it cost-ineffective for large-scale
batch processing. Until the current miniaturiza-
tion trend in LLM research narrows this gap, trans-
former models still retain the top place in terms
of efficiency for ad hoc NLU tasks. At the same
time, small LLMs with prompt engineering support
could be used for fast prototyping of a solution.

6.5 Fine-Tuned SBERT Model

To move beyond static embeddings and heuristic
decision rules, we fine-tuned the SBERT model
(paraphrase-multilingual-MiniLM-L12-v2) on the
synthetic dataset and evaluated its generalization
to real and mixed data settings, results are shown
in Table 10. On the synthetic test set, the fine-
tuned model achieved an F1 score of 97% for
both original and GPT-expanded prompts, reflect-
ing near-perfect alignment modeling. This result
is expected, as both the training and test data were
generated by GPT-40 and follow similar lexical
and topical structures. Moreover, the model was
optimized using a cosine similarity loss, which
aligns directly with the inference objective. When
evaluated on the QAES+ZAEBUC dataset, the fine-
tuned SBERT model achieved strong performance,
with F1 = 91% using original prompts and 86%
with GPT-expanded prompts. This outperforms
the SVM baseline and matches or exceeds the per-
formance of the threshold classifier, demonstrat-
ing the model’s robustness across diverse prompts
and writing styles. On the more limited QAES
dataset, performance is lower, with F1 = 85% (orig-
inal) and 76% (GPT). This decline is consistent
with previous findings and likely reflects QAES’s
narrow topical scope and high prompt similarity,
which make prompt-essay distinctions harder to
learn. Additionally, the small dataset size (195
essays) limits the generalizability and stability of
evaluation results. Fine-tuning with cosine simi-
larity loss effectively restructures the embedding
space to reflect task-specific alignment, clustering
relevant pairs, and pushing apart irrelevant ones,
even in cases of lexical overlap. Although this is ef-
fective in well-structured or synthetic data, model
performance can degrade when exposed to real-
world variability. In such cases, domain adaptation
or fine-tuning with real annotated data becomes
necessary to preserve generalization.
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Acc F1
Raw Essays 95.7 95.6
Error-Free Essays 969 96.8

Table 11: Performance of finetuning the SBERT model
on the ZAEBUC dataset, Accuracy (Acc) and F1-score
(F1) in (%).

6.6 Generalization Analysis

To check the fine-tunning model robustness, we
conducted an experiment on the ZAEBUC. We
evaluate the model on the raw student essays con-
taining errors and their crossponding manually
corrected versions, under the usage of original
prompts. Table 11 presents the results. Evaluation
on raw essays shows strong performance (F1-score
of 95.6%), while performance on corrected essays
is even higher ( F1-score of 96.8%).

Although erroneous essays mimic real learner
writing, we test whether the model generalizes in
an ideal setting. Results show robustness to noisy
data and strong performance on corrected essays:
when trained on error-injected data, the model also
generalizes well to clean text. This suggests it cap-
tures underlying linguistic features beyond surface
eITors.

6.7 Qualitative Differences Between Synthetic
and Real-World Data

We also examine qualitative aspects of the data sets
to understand the observed performance gap bet-
ter. Synthetic data exhibits a larger vocabulary size
compared to real-world essays (24K vs. 15K), but
avoiding rare words and subword tokenization mit-
igates OOV issues. The fine-tuned model demon-
strates robustness to noisy learner input with gram-
matical errors, suggesting that lexical coverage and
surface-level noise are not the primary limiting fac-
tors.

However, our analyses on real-world dataset
highlight that most accuracy drops are driven by
structural shifts rather than vocabulary or noise.
Essays in real-world corpora contain longer sen-
tences (median 12 vs 8 words), longer paragraphs
(96 vs. 44 words), and fewer paragraph breaks.
Misclassifications are concentrated in essays with
structural properties far from synthetic medians or
containing structural anomalies. These structural
mismatches, although affecting only a small subset
of samples, explain the residual performance gap
between synthetic and real-world evaluations.

7 Conclusion and Future Work

This work presents the first study of prompt-essay
relevance modeling for Arabic. We use synthetic
data, prompt expansion, and a range of models.
Expanded prompts consistently improved the sepa-
ration of relevant and irrelevant essays, especially
in diverse datasets.

Future work will explore graded relevance scor-
ing instead of binary classification, modeling
prompt-essay coherence throughout the text, incor-
porating human annotations, and apply domain-
adaptive fine-tuning using real student essays.
These extensions will facilitate the effective inte-
gration of prompt relevance scores into an Arabic
AES system.

Limitations

This study has several limitations. First, the
scarcity of manually annotated data constrained
model training and evaluation, requiring heavy re-
liance on synthetic examples. Second, the use of
fixed cosine similarity thresholds may not general-
ize well across different domains or prompt types,
potentially limiting their applicability in more di-
verse contexts. Lastly, the presence of mixed-topic
essays and semantically close prompts introduced
ambiguity in relevance annotations, which may
have affected both training quality and evaluation
reliability.

Ethical Considerations

This research employs a combination of publicly
available and restricted-access datasets. The syn-
thetic dataset and the ZAEBUC dataset are freely
accessible for research use. In contrast, the QAES
dataset is not openly available, as it is distributed
through the Linguistic Data Consortium under li-
cense. All essay texts used were anonymized, with
no personally identifiable information included.
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A Prompt Expansion

Prompt (Al U jeac (3l el dgaal e Caaas
.Discuss the importance of digital education in our current era .

[aaali oS [Crgant mysl iy iaaiy] aad
[[<OOV>1 sl

Y adedll Taded Ml aledll' Mael) f Taslaill] adedl!

[l Bl Mfaed N ULl Bl el ) a1 Y

Jlmnnd) jeaall' T pualall " pac’ ' panll' ada Lyl U pac!
[JSall &) (pmlall' falay ¥y 4mea’ fyaall sl f Ll Y
Aravec

'discuss': ['and discussed', 'happens', 'and happens', 'occurrence’, 'is caused'],
'importance’: [[<OOV>",

‘education’: ['for education’, 'and education’, 'higher education’, 'education’, 'primary
education'],

‘digital': ['digital', 'digital', ‘and digital', 'digital data’, ‘analogue’],

‘our era': ['these days', 'the era’, 'era’, 'the present’, 'the modern era],

‘current: ['previous', 'current’, 'new’, 'Association of the State of Béjaia', 'the past to be in
this form']

‘[ILLAM'JI :'igA;“' ,v\ Py "Lﬂ:}hu "C’.!.\A'.i:\'] :'C'_:.\;'_i'}
’[l%}dl ,'):I' ,'é‘}l ,I:‘:"‘Ai' ,'Q\elﬁ'] :u:‘*‘hiu

,[‘6 A ,'L}“\J‘I :I?)“"y" "d)aﬂ\' :I?)“"yv] g A
’[uw)“‘u r’gf“’d" ,‘“.‘i)ﬁnjl ’u‘;]})ﬁ\;j‘v ,';;’“\é-“l] :-‘;‘é)w
CaMELBERT ol e ALl sl e ] U e
({138 ) paaladl Eaaall * NI e ] 2 s

'discuss': ['speaks', 'not to mention', 'moreover', 'talk/discussion’, '‘and discussed'],
'importance’: ['technologies', 'importance’, 'reality’, 'impact’, 'role"],

‘education’: ['media’, 'transformation’, 'the media', 'security’, 'content],

'digital": ['university-level', 'electronic’, 'and training’, 'higher', 'school-based'],

‘our era": ['time', 'era’, 'world', ‘our world', 'century’],

‘current: ['digital’, 'current’, 'modern’, 'present’, 'this']

oo coliaiall ¢ gimall e Y1 clam sl S a8 ) el Coy yas

Juanasall ¢ 58 5l «Jsua sl 5 pall (Jeliall] ;o)) aedll il 58

Jdlaad) il AL g geadl dgiatl) Apnll] ;e ) addedl) 4n 5 A bl
i) o sal) ALY ¢ Gaial) g a1 el e ol addadll

GPT Jora) 81 a8 e libaal) olSA clalanl ¢ shaill ¢ IS :ad ) aledl) Jiiae

0~ -

-

Definition of Digital Education: [Technology, Internet, Content, Platforms, Devices].

2. Benefits of Digital Education: [Interactivity, Flexibility, Accessibility, Cost-effectiveness,
Personalization].

3. Challenges Facing Digital Education: [Infrastructure, Privacy, Cost, Training, Credibility].

4. Impact of Digital Education on Students: [Creativity, Motivation, Autonomy, Collaboration,
Outcomes].

5. Future of Digital Education: [Innovation, Advancement, Trends, Artificial Intelligence, Virtual

Reality].

Figure 1: An Example of a prompt with its expansion variations by Aravec, CAMeLBERT, and GPT.
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B Semantic cosine similarity modeling

Model Expansion Method AvgR Avg NR Diff Stdev R Stdev NR

Original 07100 03065 04035 0.1337  0.1246

Aravec 06503 03060 03443  0.1310  0.1247

. - CAMEL 05666 02736 02930  0.1387  0.1174
paraphrase-multilingual-MiniLM-L12-v2 00 g 06407 03105 03302 01467  0.1288
CAMEL_POS 06159 02048 03211 01412 01172

GPT 06999 03228 03771  0.1324  0.1520

Original 06470 02925 03554 00867  0.0606

Aravec 06037 03464 02574 00815 00544

omic-embediexivamoe CAMEL 06019 03622 02397 00832 00581
Aravec_POS 06138 03621 02517 00833  0.0548

CAMEL,_POS 06358 03906 02451 00836 00614

GPT 07455 04180 03275 01016  0.0787

Original 04381 0.1174 03207 0.1019 _ 0.1008

Aravec 04805 0.1860 02945  0.1037  0.1009

distiluse-base-multilingual-cased-v1 CAMEL 04823 01900 02923 00910  0.1030
Aravec_POS 04797 0.1958 02830  0.0953  0.1018

CAMEL,_POS 04760 02015 02745 00913  0.1033

GPT 05542 02081 03461 00957  0.1192

Original 06788 04056 02732 0.1099  0.1258

Aravec 07017 04560 02458  0.1121  0.1300

arabic-english-sts-matryoshka-v2.0 CAMEL 06907 04572 02335 01130  0.1372
Aravec_POS 07004 04945 02059 01128  0.1323

CAMEL,_POS 06042 04761 02182 01080  0.1392

GPT 07956 05180 02775 01227  0.1515

Original 05073 03440 0.1633 0.0762 00779

Aravec 05923 04185 01738 00736  0.0879

LaBSE CAMEL 06171 04621 01549  0.0833 00822
Aravec_POS 06150 04481  0.1670  0.0757  0.0938

CAMEL_POS 05993 04679 0.1313 00832 00813

GPT 06739 04861  0.1879  0.0867  0.0965

Original 03642 03072 00570 0.0416 00382

Aravec 05230 04615 00615 00494  0.0474

ARBERT CAMEL 04772 04184 00588 00432 00441
Aravec_POS 05199 04682 00517 00481  0.0455

CAMEL,_POS 04675 04071 00604  0.0464 00376

GPT 05521 04678 00843 00497  0.0549

Original 04898 04695 0.0203  0.0805  0.0663

Aravec 07691 07127 00564 00510 00466

bertbase-arabertva CAMEL 07554 0733 00217 00435  0.0287
Aravec_POS 07898 07472 0.0426 00505  0.0480

CAMEL_POS 07725 07636 0.0089 00506  0.0286

GPT 08333 08136 00197 00392  0.0400

Original 07802 0.7759 0.0043  0.04235 00231

Aravec 08470 08327 00143 00187 00155

bertbase-arabic-camelbertmix CAMEL 08029 07996 0.0033 00215 00177
Aravec_POS 0.8557 08434 00123 00179 00153

CAMEL_POS 08345 08346 -0.0002 00209 00165

GPT 09031 08877 00154 00185 00197

Original 06477 06393 00079 0.0599  0.0431

Aravec 07610 07487 00123  0.0470 00345

bert-base-mulilingual-cased CAMEL 07594 07635 -0.0041 00595  0.0597
Aravec_POS 07698 07643 00054 00376  0.0286

CAMEL,_POS 07692 07535 00157 00357 00281

GPT 0.8494 08522 -00028 00421 00558

Original 09788 09764 0.0024  0.0050  0.0065

Aravec 09941 09928 00014 00018 00016

CAMEL 09939 09936 00004 00012  0.0011

MARBERT Aravec_POS 09947 09935 00012 00013 00014
CAMEL_POS 09945 09939  0.0006 0.0009  0.0010

GPT 09955 09941  0.0014 00010 00012

Table 12: Cosine similarity statistics across all language models and prompt expansion methods in the synthetic
test-set. R (Relevance), NR (Non-relevance).
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C GPT prompt expansion

Suggest 5 subheaders for the following query: “{arabic_prompt}".
For each subheader, suggest 5 words that the user can use to write the essay.

Return the answer in the following format:

First subheader: [list of suggested words or termsl].
Second subheader: [list of suggested words or terms].
Third subheader:

Fourth subheader:

5. Fifth subheader:

B W N R

Figure 2: GPT-40 prompts messages that have been used to expand the Arabic prompt

D SVM classification

Embeddings Embeddings+SS
Prompt Original GPT Original GPT
Models Acc F1 Acc F1 Ace F1 Acc Fl
CAMeL-Lab/bert-base-arabic-camelbert-mix 65 65 74 74 66 66 18 77
aubmindlab/bert-base-arabertv2 63 63 65 65 66 66 67 67
paraphrase-multilingual-MiniLM-L12-v2 73 71 79 77 88 88 91 91
UBC-NLP/MARBERT 67 65 77 177 68 66 79 79
UBC-NLP/ARBERT 59 57 78 77 65 63 81 81
omarelshehy/arabic-english-sts-matryoshka-v2.0 67 63 79 77 71 69 83 83
nomic-ai/nomic-embed-text-v2-moe 52 38 62 56 58 49 68 65
sentence-transformers/LaBSE 62 57 77 76 68 65 85 85
sentence-transformers/distiluse-base-multilingual-cased-vl 58 50 62 56 73 71 77 76
bert-base-multilingual-cased 60 60 65 65 62 62 66 66

Table 13: Performance of different models on synthetic test set using two input settings: (i) Embeddings: pair of
prompt,essay, and (ii) Embeddings + similarity score (SS). Original and GPT-based prompts are compared. Acc and
F1 in (%).
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E Prompt Engineering

Prompt schema (English-translated) for small LLMs
Instruction:

You perform binary classification: is the given topic covering the given essay or not. You receive
an essay and a topic as input. Return only the word "Yes” if the topic comprehensively covers
the essay, or "No" if it does not. If you return any other words, you will be fined $1000.

Input:
Essay:

My favorite day was a sunny Saturday. I spent with my family at the beach. We swam,
built sandcastles, and watched the sunset together — I felt completely happy.

Topic:
Describe your favorite day.

Does the essay comprehensively cover the topic?
Response:
Yes

Input:
Essay:

I bought a car and I’'m happy to share that with you.
Topic:
Describe your favorite day.

Does the essay comprehensively cover the topic?
Response:
No

Input:
Essay:

{{essay_text}}
Topic:
{{prompt_text}}

Does the essay comprehensively cover the topic?
Response:
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F Small LLM classification

Prompt Original GPT
Small LLM Ace F1 Acc F1
Synthetic test set

Falcon-0.5B-Instruct 51 60 48 56
Falcon-1.5B-Deeplnstruct 97 96 88 90
Qwen3-0.6B 90 91 64 73
Qwen3-1.7B 97 97 8 83
Gemma-3-1B-it 81 76 53 14
Gemma-3-4B-it 80 76 53 15
Jais-Family-590m 57 69 50 67
Jais-Family-1p3b 76 77 60 67
Jais-Family-2p7b 78 81 83 85
Jais-Family-6p7b 91 99 80 76
QAES

Falcon-0.5B-Instruct 46 27 47 24
Falcon-1.5B-Deeplnstruct 88 87 80 75
Qwen3-0.6B 63 69 48 62
Qwen3-1.7B 9 8 76 69
Gemma-3-1B-it 61 36 51 00
Gemma-3-4B-it 60 34 50 00
Jais-Family-590m 47 59 49 63
Jais-Family-1p3b 82 80 57 60
Jais-Family-2p7b 75 78 61 57
Jais-Family-6p7b 81 77 69 72
QAES + ZAEBUC

FalconH1-0.5B-Instruct 49 21 49 17
FalconH1-1.5B-Deeplnstruct 95 94 91 90
Qwen3-0.6B 76 78 57 67
Qwen3-1.7B 92 92 82 80
Gemma-3-1B-it 60 34 51 01
Gemma-3-4B-it 59 31 50 01
Jais-Family-590m 52 61 51 63
Jais-Family-1p3b 86 8 64 66
Jais-Family-2p7b 79 81 64 66
Jais-Family-6p7b 81 77 69 64

Table 14: Performance of small LLMs with Arabic support on different datasets using original and GPT-based
prompts. Acc and F1 in (%).
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G Setup parameters and settings

Component

Configuration / Settings

Prompt Expansion

Word2Vec: full_grams_sg_300_wiki
CAMeL-BERT: bert-base-arabic-camelbert-mix
POS: CAMeL_BERT disambiguator

GPT: engine = gpt-4o, temperature = 0.7

SBERT Threshold

0.5

SVM (Scikit-learn)

Classifier: SVC (Support Vector Classifier)
Parameters: kernel = “rbf”’; probability = True

max_new_tokens = 3 ( 2 service tokens + 1 content token)

Falcon-H1
temperature = 0.3; do_sample = True
repetition_penalty = 1.1;
top_p = 0.8; early_stopping = True
Gemma max_new_tokens = 2; temperature = 0.3; top_p = 0.8
Default settings from generation_config. json
Qwen3

Temperature = 0.6; TopP = 0.95; TopK = 20; MinP =0

(Thinking mode uses the same settings; greedy decoding is avoided)

Fine-tuning

Batch size = 16; Epochs = 3
Training objective: CosineSimilarityLoss
warmup_steps = 100

Optimizer: AdamW (1r=2e-5, eps=le-6, betas=(0.9, 0.999),
weight_decay=0.01)

Scheduler: Linear learning rate decay with warmup (100 steps), final
LR=0

Table 15: Experimental setup and hyperparameter configurations.
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