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Abstract

We present BAREC-LexBench, a benchmark
for Arabic lemma-level readability assessment,
designed to evaluate readability lexicons and
computational models independently of their
granularity levels. We build the benchmark
through a large-scale pairwise comparison task,
where annotators determine which of two Ara-
bic lemmas is easier to read and understand.
The benchmark consists of 36,000 annotated
pairs covering both same- and cross-part-of-
speech comparisons among open-class lemmas:
adjectives, nouns, proper nouns, and verbs. The
annotations were produced by expert Arabic ed-
ucators with an average inter-annotator agree-
ment of 77.7% (0.56 Kappa ∼ moderate agree-
ment), and we analyze disagreement patterns
to better understand where lemma-level read-
ability judgments are most challenging. We
benchmark a wide range of approaches, from
readability lexicons and frequency-based lex-
icons to trainable models and large language
models (LLMs). Finally, we demonstrate down-
stream uses of the benchmark by constructing a
ranked readability lexicon covering open-class
lemmas (BAREC-LexRank) and evaluating
its contribution to sentence-level readability as-
sessment. To support research and education,
we make the dataset, ranked lexicon, and bench-
mark results openly available.1

1 Introduction

Text readability plays a central role in compre-
hension, learning, and accessibility (DuBay, 2004;
Klare, 1963). In educational and NLP applications,
modeling readability enables aligning texts with
readers’ linguistic and cognitive abilities, text sim-
plification, and content recommendation (Allington
et al., 2015; Barber and Klauda, 2020). While read-
ability has been extensively studied in English and
other major languages, Arabic readability research

1https://barec.camel-lab.com/

Lex A Lex B POS Easier

Ð �Q��. �Ó concluded Ðð �Q �	® �Ó minced adj B

ÐA �� Syria Ðñ
��J
�
Ê
�
¿ Kulthoum noun_prop A

Y�K. A¿ suffer I.
	«� �P desire verb B

�é �ªJ
¢�
��̄ breaking ÐA 	« �P@
� compulsion noun Equal

Table 1: Example lemma pairs, with their POS tags, and
easier readability annotation.

remains limited due to the lack of fine-grained lexi-
cal and corpus-level resources.

The SAMER lexicon (Al Khalil et al., 2018) in-
troduced readability lexicons for Arabic. It maps
lemmas to one of five readability levels. Although
this resource has been valuable for readability mod-
eling (Liberato et al., 2024) and text simplifica-
tion (Alhafni et al., 2024), its coarse five-level
scale limits its ability to capture gradual lexical
acquisition across the 19 educational levels de-
fined by Taha/Arabi21 (Taha-Thomure, 2017) and
BAREC (Habash et al., 2025) frameworks.

Our contributions are as follows:

• We design a large-scale annotation frame-
work for Arabic lemma-level readability as-
sessment using pairwise comparisons, where
expert annotators select the easier lemma be-
tween two options.

• We construct BAREC-LexBench, a bench-
mark dataset of 36K annotated pairs span-
ning same- and cross-part-of-speech compar-
isons among open-class lemmas.

• We evaluate diverse modeling approaches,
including readability lexicons, frequency-
based resources, classical ML, BERT-based
models, and LLMs.

• We demonstrate downstream applications
by building BAREC-LexRank, a ranked read-
ability lexicon and assessing its impact on
sentence-level readability prediction.
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2 Related Work

Arabic readability research has evolved from hand-
crafted formulas to corpus-based and neural ap-
proaches. Early work relied mainly on surface
features such as word and sentence length (Al-
Dawsari, 2004; Al-Khalifa and Al-Ajlan, 2010),
while later models incorporated POS tags, morphol-
ogy, diacritization, and pretrained language models
(Forsyth, 2014; Saddiki et al., 2018; El-Haj and
Rayson, 2016; Liberato et al., 2024). These studies
highlight the importance of linguistic features for
Arabic readability, especially given Arabic’s rich
morphology and orthographic variation.

Several graded resources have been developed
for Arabic. The Taha/Arabi21 framework (Taha-
Thomure, 2017) defines a 19-level readability scale
for children’s books based on qualitative and quan-
titative criteria, but it is difficult to apply at large
scale. Other efforts have explored CEFR-based
Arabic leveling and vocabulary profiling (Habash
and Palfreyman, 2022; Naous et al., 2024; Soliman
and Familiar, 2024), as well as readability datasets
based on educational materials such as DARES
(El-Haj et al., 2024; Almujaiwel et al., 2025). The
SAMER project (Al Khalil et al., 2020) introduced
a five-level Arabic readability lexicon, later used to
build a manually annotated Arabic text simplifica-
tion corpus (Alhafni et al., 2024).

This paper is part of the broader BAREC project,
which develops resources for Arabic readabil-
ity across the Arab world. Building on the 19-
level BAREC Annotation Framework (Habash
et al., 2025), the BAREC Corpus (Elmadani et al.,
2025b) provided a large-scale, manually annotated
sentence-level readability dataset. To support prac-
tical use, BAREC Demo (Altarbouch et al., 2025)
introduced a web-based system for sentence-level
Arabic readability assessment. The BAREC Shared
Task 2025 (Elmadani et al., 2025a) encouraged
community engagement for Arabic readability as-
sessment. The BAREC-10M Corpus (Elmadani
et al., 2026) extended this line of work with a much
larger automatically labeled corpus.

This work complements these resources by fo-
cusing on lemma-level readability. Unlike SAMER,
which assigns discrete five-level labels, our bench-
mark uses pairwise comparisons to evaluate read-
ability distinctions independently of a particu-
lar scale. Unlike BAREC corpus, which targets
sentence-level readability, this resource provides a
lexical benchmark and a ranked lemma lexicon.

Set ID Split Lex # Lex/SAMER Level Pairs

Same-POS: Adjective, Noun, Verb, Proper Noun
Set 1-4 Train 500 100 3,600
Set 5 Tune 125 25 900
Set 6 Dev 125 25 900
Set 7-8 Test 250 50 1,800

Subtotal per POS category 7,200
Subtotal for four POS categories 28,800

Cross-POS
Set 1-4 Train 480 96 3,600
Set 5 Tune 120 24 900
Set 6 Dev 120 24 900
Set 7-8 Test 240 48 1,800

Subtotal 7,200

Total Pairs 36,000

Table 2: Organization of lemma (Lex) sets and pair
sampling across POS categories.

3 Dataset Creation

We construct BAREC-LexBench, a benchmark-
ing dataset for Arabic lemma-level readability, de-
signed to be independent of any specific granu-
larity or level definitions. The task is formulated
as a pairwise comparison: given two lemmas,
the annotator chooses which one is easier to read
and understand. We start from the SAMER lex-
icon (Al Khalil et al., 2020), classifying lemmas
into open- and closed-class categories by part of
speech (POS). Our benchmark therefore focuses
on open-class lemmas - adjectives, nouns, proper
nouns, and verbs - which account for 99% of lexi-
cal entries. It covers same- and cross-POS lemma
comparisons. Although closed-class lemmas are
not included in the benchmark, we annotate them
separately following the BAREC 19-level frame-
work (Habash et al., 2025), thereby extending the
resource to cover all parts of speech.

3.1 Dataset Sampling

Our setup consists of five POS categories; four
Same-POS categories covering comparisons be-
tween lemmas from the same POS (adjectives
(Adj), nouns (Noun), verbs (Verb), and proper
nouns (PropN)), and one Cross-POS category cov-
ering comparisons between lemmas from the dif-
ferent POS (Cross).

Same-POS Setup For each POS, we select 1,000
lemmas evenly distributed across the five SAMER
levels (200 per level), divided into eight disjoint
sets of 125 lemmas. Each set yields 900 lemma
pairs (1800 total lemma appearances). The aver-
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age lemma appearance in each set is 14.4 (1800
appearances / 125 lemmas). We ensure each lemma
appears at least 14 times -twice with each SAMER
level and the rest with random lemmas.

Cross-POS Setup Similar to the Same-POS
setup, Cross-POS lemmas are divided into eight
disjoint sets. For each set, we select 30 lemmas
from each of the corresponding Same-POS sets
(120 total lemmas), while ensuring balanced se-
lection across the five SAMER levels (6 lemmas
per POS per SAMER level). Each set yields 900
lemma pairs (1800 total lemma appearances), en-
suring each lemma appears 15 times -once with
each combination of the three other parts-of-speech
and the five SAMER levels.

This results in 7.2K pairs per POS category and
36K total across all categories (see Table 2).

3.2 Annotation Team and Process

Six native Arabic educators annotated the dataset
using a Google Sheets interface (see Appendix B).
For each lemma pair, annotators selected: (1) first
lemma is easier, (2) second lemma is easier, (3)
equally easy, or (4) I don’t know. Due to the inher-
ent subjectiveness of the task, our annotation guide-
lines are general: annotators are asked to select
the lemma they expect learners to find easier due
to earlier encounter, spelling simplicity, or other
pedagogically grounded factors, but the specific
reasoning is left to their judgment. The “equal” op-
tion is reserved for genuinely equal difficulty pairs.
The 7,200 pairs per POS category are shuffled and
split into 14 batches of 500 pairs and one smaller
batch of 200 pairs. Annotating one batch tasks
an hour on average. Each batch is annotated by
two annotators. The average pairwise agreement
is 77.7% with 0.56 Kappa ∼ moderate agreement
(Cohen, 1960). All disagreements were resolved by
a third annotator. After consolidation, 99.5% of all
lemma pairs are annotated with one lemma being
easier than the other, the rest are equally easy.

3.3 Data Analysis

Table 3 analyzes annotator disagreements by the
absolute SAMER-level difference between lemma
pairs. Although disagreements occur in 22% of
all pairs, they are most frequent when the lemmas
have similar readability levels: 32% for pairs with
the same SAMER level, decreasing steadily to 6%
for pairs four levels apart. This suggests that dis-
agreements mainly reflect fine-grained readability

SAMER # Pairs Disagreements
Difference # %

0 7,144 2,287 32%
1 11,573 3,109 27%
2 8,640 1,681 19%
3 5,746 695 12%
4 2,897 174 6%

All 36,000 7,946 22%

Table 3: Disagreements by SAMER level difference
between the lemma pairs.

distinctions, while pairs with larger readability gaps
are easier for annotators to judge consistently.

Qualitative Analysis of Disagreements To bet-
ter understand the sources of annotator disagree-
ment, we randomly sampled 100 lemma pairs from
the disagreement cases and asked annotators to
explain the reasons behind their decisions. We
then analyzed the comments and grouped the dis-
agreements into seven categories: world knowl-
edge, revision, dialect similarity, structure, concept,
register, and ambiguity. Table 4 summarizes the
resulting categories. The most frequent source of
disagreement is world knowledge, where annota-
tors differed in their familiarity with names, places,
historical figures, or culturally specific references.

3.4 Closed Classes
We annotate closed-class lemmas separately from
the benchmark dataset, following the BAREC 19-
level framework (Habash et al., 2025). This deci-
sion is motivated by the small number of closed-
class lemmas (368 lemmas), many of which already
have explicit levels in BAREC. The annotation was
carried out through discussions among three anno-
tators until agreement was reached.

4 Experiments

We formulate the pairwise comparison task as a
three-way classification problem, where the input
is a pair of lemmas and the output is one of three
labels: (1) the first lemma is easier, (2) the second
lemma is easier, or (3) both are equally easy. We ex-
plore four modeling approaches: readability-based,
frequency-based, trainable models, and LLMs.

4.1 Readability Lexicons
Each lemma is assigned a readability level from a
given lexicon. For any pair, the lemma with the
lower level is considered easier; if levels match, the
pair is labeled “equal.”
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Category Main idea Count Example Pair

World Knowledge Familiarity with names, places, or history. 31 ÉK
 	P� @Q
�K. Brazil PropN <> �A�m�

�	' Nahhas PropN

Revision Judgment changed after review. 23 XP�@ð imported Adj <> ù��®��J�	J �Ó selected Adj

Dialect Similarity Easy because it resembles local usage. 14 P@ñ ��@
� bracelet Noun <> 
ú¾�
���J �Ó leaning Noun

Structure Difficulty from sound or word structure. 10 H. ð �Qå�	��Ó multiplier Noun <> �é�J.
��K �ð leap Noun

Concept Concept is abstract, technical, or cultural. 10 Q�Ü
��ß
�

@ yield Verb <> 	­ �«A 	� double Verb

Register Commonness or formal/literary status differs. 9 ���	̄ @ð agree Verb <> ¨ �	Q�	K divest Verb

Ambiguity Different meaning or grammatical reading. 3 XA¿ almost Verb <> hA� travel/melt Verb

Table 4: Qualitative categories of annotator disagreement based on a random sample of 100 disagreement cases.

SAMER Lexicon The SAMER Lexicon assigns
each lemma one of five readability levels based
on the average of three annotators. We use two
variants: SAMER-5 (rounded average, 5 levels) and
SAMER-13 (unrounded, 13 levels), with SAMER-5
as the primary baseline.

BAREC-based Lexicons Using the 19-level
BAREC Corpus (Elmadani et al., 2025b), we lem-
matize all words with Saeed and Habash’s (2025)
best-performing system and assign each lemma
the level of the easiest sentence in which it ap-
pears. Lemmas that do not appear in the corpus
are assigned the hardest level, 19. We repeat the
same procedure using the BAREC-10M Corpus (El-
madani et al., 2026), which is ten times larger than
the BAREC Corpus but labeled automatically.

4.2 Frequency Lexicons

Each lemma receives a frequency value, with
higher frequency indicating easier readability. Lem-
mas not in the list receive zero frequency.

CAMeLBERT Frequency List Based on dedia-
critized word counts from the CAMeLBERT-mix
corpus (Khalifa et al., 2021), each lemma inherits
the frequency of its dediacritized form.

BAREC-based Frequency Lists We construct
two frequency lists following the same preprocess-
ing procedure used for the BAREC-based Lexicons.
For each lemma, we compute its frequency in the
lemmatized version of each corpus, producing two
frequency lists from the BAREC and BAREC-10M
Corpora.

4.3 Trainable Models

We train classifiers to predict the three labels.

Classical ML We evaluate classical ML mod-
els using frequency features from CAMeLBERT-
MSA, DA, CA, and Mix (ArFreq), together with
SAMER-based readability features from the three
individual annotators, SAMER-5, and SAMER-
13 (ArSAMER). Furthermore, we test a range of
orthographic features, including lemma length (Ar-
Length), character frequency, and diacritic fre-
quency (ArCharFreq), which are known to interact
with readability in Arabic (Taha-Thomure, 2017).
We additionally represent the root (ArRoot) and
abstract pattern (ArAbsPattern) as character-level
features.

We also add English gloss-based features to the
feature pool. The motivation is that if certain con-
cepts are introduced to learners at similar read-
ability levels across languages, then readability-
related properties of an English gloss may provide
additional information about the Arabic lemma
meaning. Specifically, we use the frequency of the
English gloss based on dictionary word frequen-
cies derived from the Google Books Ngram dataset
(GlossFreq),2 as well as the gloss readability level
from Maddela and Xu’s (2018) manual readability
annotations of the 15K most frequent words in the
Google Books Ngram dataset (GlossRL). We also
include the number of words in the gloss (Gloss-
WordCount), motivated by the intuition that more
specialized or specific lemmas may require longer
expressions to convey their meaning in another lan-
guage. Finally, we add surface-level gloss features,
including character (GlossCharCount) and syllable
counts (GlossSyllableCount).

We report the best-performing configuration and
provide feature-level analysis.

2https://www.kaggle.com/datasets/wheelercode/
dictionary-word-frequency
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BERT Finetuning We fine-tune the top three
Arabic BERT-based models identified by Inoue
et al. (2021): AraBERTv02 (Antoun et al., 2020),
MARBERTv2 (Abdul-Mageed et al., 2021), and
CAMeLBERT-MSA (Inoue et al., 2021). The input
to all models is formatted as:

[CLS] Lemma_1 [SEP] Lemma_2 [SEP]

The experimental setup is available at Appendix C.

4.4 Large Language Models (LLMs)
We frame the task as multiple choice (first
lemma, second lemma, or equal) (see Ap-
pendix D.2 for the prompts). We evaluate
six open-weights LLMs: three Arabic (ALLaM-
7B-Instruct (Bari et al., 2025), Fanar-2-27B-
Instruct (TEAM et al., 2026), and Jais-2-70B-
Chat (Anwar et al., 2025)), and three multilingual
models (Qwen3-30B-A3B-Instruct (Team, 2025),
Aya-Expanse-32B (Dang et al., 2024), and Llama-
3.3-70B-Instruct (Grattafiori et al., 2024)), and two
proprietary models: Gemini-3.1-Pro (Team et al.,
2025) and GPT-5.5-Pro (Singh et al., 2026).

We test variations in input features, prompt lan-
guage, lemma diacritization, and few-shot settings,
reporting the best configuration for each model and
analyzing prompt sensitivity for each LLM.

5 Results

Table 5 shows the performance of all models across
Dev and Test sets for all POS categories.

5.1 Lexicon-based Models
SAMER-13 consistently outperforms SAMER-5,
thanks to its finer granularity capturing small read-
ability differences within the same SAMER level.
The BAREC-based and BAREC-10M-based lex-
icons and frequency lists achieve moderate per-
formance, limited by the coverage of the Corpora
and the accuracy of automatic lemmatization sys-
tem. The BAREC-based Lexicon outperforms the
BAREC-10M-based Lexicon, suggesting that man-
ual annotation quality is more important than cor-
pus size for deriving readability levels. In contrast,
the larger BAREC-10M corpus yields a stronger
frequency list, where no readability annotations are
required. CAMeLBERT Frequency List performs
well overall but is less effective for nouns and verbs,
as adjectives and proper nouns often appear in their
lemma form, making word frequency lookup more
accurate for these classes.

5.2 Trainable Models

Classical ML achieves the second-best Test perfor-
mance. This highlights the complementarity of lex-
ical frequency, SAMER-13, and orthographic fea-
tures in modeling readability. Readability is largely
governed by measurable lexical and orthographic
properties that classical ML methods capture ef-
fectively, especially when supported by annotated
resources like the SAMER lexicon.

Classical ML Sensitivity to Different Features
Table 6 presents an ablation study of the effect
of different feature groups on Classical ML per-
formance. Overall, removing all gloss-based fea-
tures gives the best performance, suggesting that
the English gloss features do not add substantial
information beyond the Arabic features. Across
POS categories, the best-performing feature set-
ting varies without a clear pattern. However, the
SAMER-based feature group is the most impor-
tant individual feature set: removing it causes the
largest drop in performance across all settings. This
indicates that the model relies primarily on existing
readability signals from SAMER, while the remain-
ing features provide complementary information
that further improves performance. Appendix E
shows the results of different Classical ML tech-
niques.

5.3 Large Language Models

Among all the models, GPT-5.5-Pro is the strongest
system. The other LLMs perform competitively
but remain below the Classical ML model, with
most results clustered in the mid-70% range. The
top Arabic-based model is Jais-2-70B-Chat, while
the top multilingual open-weights model is Aya-
Expanse-32B.

Prompt-Sensitivity Analysis To analyze LLM
sensitivity to prompt design, we evaluate each
model under 24 prompt configurations. The con-
figurations vary four factors: input information
(Lex, Lex+POS, and Lex+POS+Gloss), prompt
language (Arabic or English), lemma diacritization
(diacritized or dediacritized), and number of shots
(zero-shot or five-shot). Table 7 reports the average
performance of each model when each parameter
value is fixed, marginalizing over the remaining fac-
tors. Within the tested prompts and model versions,
GPT-5.5-Pro achieves the strongest and most stable
performance, obtaining the best results across most
prompt settings and the lowest standard deviation.
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Model Dev Test

All Adj Noun Verb PropN Cross All Adj Noun Verb PropN Cross

Readability Lexicons
SAMER-5 66.6 67.1 66.0 68.2 64.3 67.4 67.7 69.9 68.4 67.1 67.3 66.1
SAMER-13 73.0 72.9 73.7 74.7 69.8 73.8 74.8 77.2 76.1 74.4 73.0 73.2
BAREC-based Lexicon 65.0 70.6 67.7 68.1 53.8 64.8 66.2 68.4 68.0 67.2 61.1 66.2
BAREC-10M-based Lexicon 63.5 64.9 63.0 60.6 64.0 65.0 65.2 65.4 62.2 65.4 67.2 65.6

Frequency Lexicons
CAMeLBERT Freq. 66.6 70.2 66.9 59.0 67.6 69.2 68.2 70.8 67.1 62.4 72.2 68.6
BAREC-1M Freq. 63.8 67.7 67.1 70.4 51.0 63.0 65.8 70.4 67.9 67.9 58.9 63.8
BAREC-10M Freq. 65.3 65.2 65.6 68.7 64.4 62.6 68.1 71.9 67.5 68.7 66.4 65.8

Trainable Models
Classical ML 80.4 82.0 79.6 79.6 79.8 81.3 81.1 83.5 81.9 78.4 82.2 79.4
AraBERTv02 75.3 78.6 71.4 73.1 78.1 75.4 75.6 76.8 75.8 70.9 80.3 74.0
CAMeLBERT-msa 75.0 77.9 74.3 70.2 78.0 74.3 75.0 77.0 73.1 71.6 78.8 74.4
MARBERTv2 72.1 74.2 72.0 64.9 75.0 74.2 72.8 76.0 72.5 65.6 76.4 73.4

Large Language Models (LLMs)
ALLaM-7B-Instruct 72.9 75.8 73.9 70.3 71.4 73.1 72.0 74.1 69.9 68.3 76.8 71.0
Fanar-2-27B-Instruct 74.4 77.0 77.6 71.3 76.0 69.9 75.0 78.4 74.8 72.1 78.7 71.2
Qwen3-30B-A3B-Instruct 74.6 77.6 77.6 73.7 73.1 71.1 74.6 77.2 73.7 71.3 77.9 72.9
Aya-Expanse-32B 76.5 76.2 76.0 75.1 79.6 75.6 75.8 75.7 74.0 76.3 78.2 74.7
Jais-2-70B-Chat 75.6 77.7 74.3 74.0 76.3 75.6 75.8 77.7 74.2 73.6 78.6 75.2
Llama-3.3-70B-Instruct 73.9 75.3 79.1 68.1 75.7 71.3 74.5 77.2 73.8 69.9 80.8 70.8
Gemini-3.1-Pro 74.5 76.3 70.9 79.1 77.0 69.1 75.0 78.0 72.3 76.7 77.2 70.7
GPT-5.5-Pro 81.5 81.0 82.8 85.1 81.2 77.2 81.7 83.2 82.2 81.3 82.4 79.6

Table 5: Accuracy (%) of all models on the Dev and Test sets across parts of speech. PropN = Proper Nouns. Bold
indicates the best performance for each POS, and underline indicates the best model in each group.

The number of shots shows the clearest effect in
our experiments, with few-shot prompting improv-
ing most models. Among the Arabic-centric LLMs,
ALLaM benefits most from Arabic prompts, while
Fanar shows a smaller gain. Jais, however, per-
forms almost identically with Arabic and English
prompts, suggesting that Arabic-centric models do
not uniformly benefit from Arabic prompting un-
der the tested settings. Other prompt factors show
model-dependent effects. Because LLM behavior
can change with model updates and prompt design
choices, these results should be interpreted as a
snapshot of the evaluated models and configura-
tions rather than as fixed conclusions about each
model. Appendix D.1 shows the results across all
configurations.

5.4 Error Analysis

We analyzed the 4,500 Dev pairs to compare anno-
tator agreement and SAMER lexicon consistency
against the best model’s (GPT-5.5-Pro) accuracy.
SAMER agreement reflects whether lexical dis-
tances align with gold labels; distance 0 is Ambiva-
lent. Annotator agreement distinguishes first-round
consensus (higher agreement) from tie-break cases.
Table 8 shows that model accuracy rises with anno-
tator/SAMER agreement, reaching 94.8% in 56.2%

of cases. The lowest accuracy (36.6%) occurs when
both SAMER and annotators disagree, highlighting
the hardest lemma pairs for humans and models.

6 Downstream Uses

In this section, we present two downstream ap-
plications of our benchmark dataset: construct-
ing a ranked readability lexicon covering all open-
class lemmas (BAREC-LexRank), and improving
sentence-level readability assessment.

6.1 Ranked Readability Lexicon

We use the Classical ML model as a pairwise com-
parison function to rank all open-class lemmas. Al-
though this model is not the best-performing sys-
tem on the Dev set, it is substantially cheaper to run
while performing within 1.1% of the best model.

Ranking Algorithm We first generate the re-
quired features for all lemmas (see §4.3). We then
apply a comparison-based sorting algorithm, where
the Classical ML model determines which lemma
in each pair is easier. Since the model is not per-
fect, its pairwise predictions are not guaranteed to
be globally consistent; it produces cyclic prefer-
ences such as LexA < LexB < LexC < LexA.
As a result, the final ranking will depend on the ini-
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Dropped Best Classical ML Performance

Features All Adj Noun Verb PropN Cross

None 80.3 81.6 79.4 79.8 79.9 80.8
All Ar 61.9 66.4 58.4 57.4 66.6 60.8
All Gloss 80.4 82.0 79.6 79.6 79.8 81.3

ArFreq 79.0 80.0 77.8 79.3 79.9 78.0
ArSAMER 70.2 74.3 67.6 63.0 75.8 70.2
ArLength 80.2 81.2 79.7 79.8 79.1 81.0
ArCharFreq 80.0 81.1 79.7 80.1 78.9 80.4
ArRoot 80.3 81.7 79.2 79.7 79.7 81.1
ArAbsPattern 80.3 81.4 80.1 79.1 80.2 80.6

GlossFreq 80.4 82.4 79.9 79.7 79.4 80.7
GlossRL 80.3 81.0 79.3 79.7 80.1 81.4
GlossWordCount 80.2 81.8 79.3 79.7 79.6 80.8
GlossCharCount 80.3 81.2 79.4 79.7 79.8 81.2
GlossSyllableCount 80.3 81.7 79.4 79.3 80.2 80.8

Table 6: Ablation results for the Classical ML model
on the Dev set. Each row reports the best performance
after removing one feature group; None corresponds to
the full feature set. Bold indicates the best performance
for each POS.

tial ordering of the lemmas. To reduce this effect,
we repeat the ranking process using 20 different
random initializations and assign each lemma its
average rank across the 20 runs.

We use the same procedure to generate two
additional variants of the ranked lexicon. The
first variant, BAREC-LexComplete, ranks all lem-
mas, including closed-class lemmas, to produce
a complete ranked resource. The second variant,
BAREC-LexSAMER, preserves the SAMER level
ordering: we use the same sorting algorithm, but
the Classical ML model is used only to break ties
between lemmas from the same SAMER level. We
include both variants in the release and report their
downstream results in Appendix H.

Results We evaluate BAREC-LexRank intrinsi-
cally on our benchmark dataset. For each lemma
pair in the Dev and Test sets, we directly compare
the two lexicon ranks and select the higher-ranked
lemma as easier. BAREC-LexRank achieves an
accuracy of 80.0% on Dev and 81.1% on Test, rank-
ing third after GPT-5.5-Pro and Classical ML. In
the next section, we evaluate the lexicon extrin-
sically by measuring its impact on sentence-level
readability assessment.

6.2 Sentence-Level Readability Assessment

In this section, we explore several ways of using
BAREC-LexRank to improve sentence-level read-
ability assessment.

Setup We use the BAREC Corpus (Elmadani
et al., 2025b) for training and evaluation. The cor-
pus contains 69,441 sentences annotated with 19
readability levels following the BAREC annotation
framework (Habash et al., 2025). We compare our
methods against the best system reported in their
paper, AraBERTv2+D3Tok+Reg.

Zero-Shot Lexicon-Based Prediction As a first
technique, we use BAREC-LexRank for sentence-
level readability prediction without task-specific
training; we refer to this model as LexRank-ZS.
The method combines the ranked open-class lemma
lexicon with the closed-class lemma annotations,
which are already mapped to the 19 BAREC levels.

For the ranked lexicon, we map lemma ranks to
the 19-level BAREC scale using monotonic func-
tions. The mappings are motivated by the strong
correlation between frequency and readability: eas-
ier lemmas tend to be more frequent. We there-
fore assign smaller vocabularies to lower levels and
larger vocabularies to higher levels, approximat-
ing the skewed distribution expected under Zipf’s
law. The full set of mappings and their results are
described in Appendix F. For each sentence with
a mixture of open- and closed-class lemmas, we
assign it the level of the hardest lemma.

Classical ML Models with Lexicon-Based Fea-
tures As a second technique, we use BAREC-
LexRank and closed-class annotations to extract
sentence-level features for training Classical ML
models; we refer to this family of models as
LexRank-ML. For each sentence, we compute 11
interpretable features summarizing lexical diffi-
culty, including sentence length, the proportion of
lemmas in the easiest and hardest rank percentiles,
and the level of the hardest closed-class lemma.
The full feature list is provided in Appendix G. This
setup evaluates how much readability signal can
be captured from lexicon-derived features alone,
without contextual representations.

BERT with Lexicon-Based Sentence Features
As a third technique, we augment the BERT read-
ability model with the same 11 lexicon-based sen-
tence features from Section 6.2. We concatenate
these features with the final [CLS] representation
and pass the combined vector to the prediction head.
The resulting model, AraBERTv2+D3Tok+Reg
(+LexRank), is fine-tuned end-to-end for readabil-
ity prediction. This setup tests whether explicit
lexical difficulty features provide complementary
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Model Inputs Prompt Lang. Lex Diacritization # Shots STD
Lex Lex+POS Lex+POS+Gloss Ar En Diac. Dediac. Few Zero

ALLaM-7B-Instruct 66.7 63.2 65.5 69.3 61.0 66.4 63.8 63.5 66.7 5.5
Fanar-2-27B-Instruct 70.4 66.7 68.5 69.7 67.4 68.5 68.6 73.0 64.1 5.3
Qwen3-30B-A3B-Instruct 69.5 66.8 68.5 69.4 67.2 68.3 68.3 72.8 63.7 5.0
Aya-Expanse-32B 64.2 64.7 64.5 62.4 66.6 64.2 64.8 74.3 54.7 11.1
Llama-3.3-70B-Instruct 67.3 66.0 70.3 68.8 66.9 66.9 68.9 65.3 70.4 3.9
Jais-2-70B-Chat 73.8 71.1 70.6 71.8 71.9 72.2 71.5 73.0 70.7 2.3
Gemini-3.1-Pro 65.7 66.7 64.9 63.2 68.3 66.6 64.9 71.0 60.5 6.1
GPT-5.5-Pro 79.5 80.8 80.7 80.1 80.5 81.0 79.7 80.4 80.2 1.0

Table 7: Prompt-sensitivity analysis for LLMs. Each model is evaluated under 24 prompt configurations, varying the
input information, prompt language, lemma diacritization, and number of shots. Each column reports the average
accuracy when the corresponding parameter value is fixed. The final column reports the standard deviation across
all 24 configurations.

SAMER Category

Annotator Agree Ambivalent Disagree

First Round 94.8 (56.2) 75.2 (14.0) 50.8 (8.2)
Tie-Break 81.7 (10.2) 52.7 (6.1) 36.6 (5.3)

Table 8: The best model’s (GPT-5.5-Pro) accuracy (%)
on the Dev set. Values in parentheses indicate the per-
centage of cases.
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LexRank-ZS LexRank-ML AraBERTv2+D3Tok+Reg

AraBERTv2+D3Tok+Reg (+LexRank)

Dev

Figure 1: Learning-curve results on the BAREC Dev set
using average absolute distance (Dist); lower is better.

information beyond BERT’s contextual representa-
tion.

Results We evaluate the three techniques de-
scribed above and compare them with the
best model from Elmadani et al. (2025b),
AraBERTv2+D3Tok+Reg. To examine whether
the benefit of the ranked lexicon depends on the
amount of available training data, we conduct a
learning-curve experiment using 1.6%, 3.1%, 6.3%,
12.5%, 25%, 50%, and 100% (54,845 sentences)
of the training set. We evaluate all models on the
BAREC Dev set using the average absolute dis-
tance between the predicted and gold readability
levels (Dist).

Training Data

D
is

t

1.00

2.00

3.00

4.00

1.6% 3.1% 6.3% 12.5% 25% 50% 100%

LexRank-ZS LexRank-ML AraBERTv2+D3Tok+Reg

AraBERTv2+D3Tok+Reg (+LexRank)

Test

Figure 2: Learning-curve results on the BAREC Test set
using average absolute distance (Dist); lower is better.

Learning Curve Figure 1 shows the learning-
curve results for sentence-level readability as-
sessment on the BAREC Dev set. The zero-
shot LexRank-ZS model achieves an average dis-
tance of 2.5 from the gold labels without us-
ing any sentence-level training data, showing that
the ranked lexicon alone provides a useful read-
ability signal. In the lowest-resource setting,
LexRank-ML is the best-performing model, while
both BERT-based models struggle to learn ef-
fectively from this amount of data. At 3.1%
of the training data, LexRank-ML still outper-
forms AraBERTv2+D3Tok+Reg; however, adding
LexRank features allows AraBERTv2+D3Tok+Reg
(+LexRank) to become the best model. As the
amount of training data increases, the BERT-based
models improve substantially, while LexRank-
ML benefits only modestly from additional data.
The benefit of adding LexRank features to
BERT is most clear in low-resource settings:
AraBERTv2+D3Tok+Reg (+LexRank) outperforms
the baseline BERT model when using 3.1% to 25%
of the training data. This suggests that the ranked
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Train-Unseen 3.1% Training Data 100% Training Data

LexRank-Covered Dev Sentences Base +LexRank ∆
Dev Sentences Base +LexRank ∆

Lemmas # % # %

1 1,278 17% 2.23 2.23 0.00 1,867 26% 1.15 1.18 -0.04
2 1,149 16% 1.94 1.85 0.09 889 12% 1.08 1.15 -0.07
3 866 12% 1.95 1.76 0.19 403 6% 0.94 0.96 -0.02
4 738 10% 1.93 1.59 0.35 211 3% 1.00 1.03 -0.03
5 628 9% 1.97 1.61 0.37 79 1% 0.73 0.77 -0.04

6+ 1,869 26% 2.22 1.55 0.68 92 1% 0.89 0.93 -0.04

All 6,528 89% 2.08 1.77 0.31 3,541 48% 1.08 1.12 -0.04

Table 9: Seen-word analysis on the BAREC Dev set. Train-Unseen LexRank-Covered Lemmas indicates the number
of words in a sentence whose lemmas are absent from the training subset but covered by LexRank. Base refers to
AraBERTv2+D3Tok+Reg, and +LexRank refers to AraBERTv2+D3Tok+Reg (+LexRank). ∆ is the improvement
from adding LexRank; positive values indicate lower average distance.

lexicon is especially useful in low-resource settings,
either as a standalone model or as complementary
signal for neural models.

Seen-Word Analysis We analyze the perfor-
mance gap between AraBERTv2+D3Tok+Reg
(+LexRank) and AraBERTv2+D3Tok+Reg in two
settings: using 3.1% of the training data, where
adding LexRank yields the largest improvement,
and using the full training set, where the baseline
no longer benefits from LexRank. Our goal is to un-
derstand why LexRank becomes less useful as more
training data is available. To do so, we compare
the vocabulary coverage of each training subset
against the BAREC Dev set. We focus on Dev-set
sentences that contain words whose lemmas are
absent from the training subset but are covered by
LexRank, since these are cases where the lexicon
can provide readability information not observed
during training.

Table 9 analyzes when LexRank helps the BERT-
based readability model by grouping Dev sentences
according to the number of words whose lemmas
are absent from the training data but covered by
LexRank. In the 3.1% training setting, such cases
are very common, covering 89% of the Dev set, and
adding LexRank reduces the average distance from
2.08 to 1.77. The improvement becomes larger
as the number of train-unseen lemmas increases,
reaching 0.68 for sentences with six or more such
words. This suggests that LexRank is especially
useful when the training data does not expose the
model to many of the lemmas appearing at evalua-
tion time. With the full training set, the coverage
gap is much smaller: only 48% of Dev sentences
contain train-unseen lemmas covered by LexRank,
and adding LexRank no longer improves perfor-

mance. Although these sentences still contain train-
unseen lemmas covered by LexRank, the baseline
BERT model has access to enough supervised data
to learn strong lexical and contextual readability
signals. In this setting, the lemma-level features
become mostly redundant and may add slight noise,
since sentence readability also depends on contex-
tual and syntactic factors beyond individual lemma
difficulty. This explains why the lexicon helps most
in low-resource settings but becomes less useful
once the model has seen enough lexical evidence
during training.

7 Conclusions and Future Work

We introduce BAREC-LexBench, the first bench-
mark for Arabic lemma-level readability assess-
ment, designed to evaluate lexicons and computa-
tional models independently of specific granularity
levels. Our large-scale annotation effort covers 36K
lemma pairs across same- and cross-part-of-speech
comparisons. Our analysis further shows that anno-
tator disagreements are concentrated among lemma
pairs with similar readability levels, highlighting
the difficulty of fine-grained lexical readability
judgments. Through evaluation, we show train-
able models, especially Classical ML and stronger
LLMs, achieve the best performance. Finally, we
demonstrate downstream uses of the benchmark by
constructing BAREC-LexRank, a ranked readabil-
ity lexicon, and applying it to sentence-level read-
ability assessment. BAREC-LexRank is especially
useful in low-resource settings, where it provides
lexical readability information not available from
limited training data. This benchmark establishes a
foundation for future research on continuous-scale
Arabic readability lexicons.
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A License

We list below the licenses of the data and tools
used in this work, all of which are employed in
accordance with their intended use.

• SAMER Lexicon (Al Khalil et al., 2020): Non
Commercial Use - NYUAD License.3

• Maddela and Xu’s (2018) Word-Complexity
Lexicon: MIT License

• BAREC Corpus (Elmadani et al., 2025b): Cre-
ative Commons Attribution Share Alike 4.0

• BAREC-10M Corpus (Elmadani et al., 2026):
Creative Commons Attribution Share Alike
4.0

• CAMeLBERT Frequency List (Khalifa et al.,
2021): Creative Commons Attribution Share
Alike 4.0

• CAMeL Tools (Obeid et al., 2020) and
CAMeLBERT (Inoue et al., 2021): MIT Li-
cense

• ALLaM-7B-Instruct (Bari et al., 2025):
Apache license 2.0

• Fanar-2-27B-Instruct (TEAM et al., 2026):
Apache license 2.0

• Jais-2-70B-Chat (Anwar et al., 2025): Apache
license 2.0

• Qwen3-30B-A3B-Instruct (Team, 2025):
Apache license 2.0

• Aya-Expanse-32B (Dang et al., 2024): Cre-
ative Commons Attribution Non Commercial
4.0

• Llama-3.3-70B-Instruct (Grattafiori et al.,
2024): LLAMA 3.3 COMMUNITY LI-
CENSE AGREEMENT4

• AraBERTv2+D3Tok+Reg (Elmadani et al.,
2025b): MIT License.

B Annotation Interface

Figure 3 shows the Google Sheet interface used for
annotation. Annotators are given the lemma pairs
and their parts-of-speech. From a drop-down menu,
they select the number of the easier lemma, "0" for
equal, or "X" for I don’t know.

C Experimental Setup

We use the Tune set for hyperparameter tuning
and prompt engineering. Classical machine learn-

3https://camel.abudhabi.nyu.edu/
samer-readability-lexicon/

4https://huggingface.co/meta-llama/Llama-3.
3-70B-Instruct/blob/main/LICENSE
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Lex 1 POS 1 Lex 2 POS 2
Easier Lemma

Verb Proper Noun 1

Verb Proper Noun 2

Adjective Verb 1

Adjective Noun 0

Adjective Verb 1

Adjective Proper Noun 1

Adjective Verb 2

Noun Proper Noun X

Adjective Verb 1

Adjective Verb 2

Verb Proper Noun 2

Noun Proper Noun 2

Verb Proper Noun 1

Verb Proper Noun 1

​​المفردة ​​قسم​​الكلام ​​المفردة ​​قسم​​الكلام
​​المفردة​​الأسهل

رَف ​​أَشْ ​​فعل ​​ناسا ​​اسم​​علم
​​ذَكا ​​فعل ناشات ​​حَ ​​اسم​​علم

​​راكِب ​​صفة ​​خَطَّط ​​فعل
غ ​​دامِ ​​صفة ​​طَلَل ​​اسم

قُوقِيّ ​​حُ ​​صفة ​​ذَكا ​​فعل
ول ​​مَغْسُ ​​صفة يدْنِي ​​سِ ​​اسم​​علم
ين صِ ​​حَ ​​صفة ق ​​تَلاحَ ​​فعل

يا وبُولُوجِ أَنْثرُ ​​ ​​اسم ونُوف يمُ ​​سِ ​​اسم​​علم
يّ بَكِ ​​شَ ​​صفة ​​تَطَفَّل ​​فعل

قّ ​​حَ ​​صفة ​​رَتَّب ​​فعل

​​لَمّ ​​فعل لَم ​​عَ ​​اسم​​علم
​​إِخْراج ​​اسم نْتَر ​​عَ ​​اسم​​علم
​​تَذَرَّع ​​فعل تا ​​إِرْنِيسْ ​​اسم​​علم
أَمَر ​​ ​​فعل ​​إِلْياس ​​اسم​​علم

Figure 3: A screenshot of the Google Sheet interface used for annotation.

ing models are trained using scikit-learn (Pe-
dregosa et al., 2011),5 BERT-based models are fine-
tuned with the HuggingFace Transformers li-
brary (Wolf et al., 2019),6 and large language mod-
els (LLMs) are evaluated using the LM Evaluation
Harness framework (Gao et al., 2024).7

For BERT fine-tuning, we use the dediacritized
form of lemmas as input. We use CAMeL
Tools (Obeid et al., 2020) for dediacritization.8

Training is performed on a single NVIDIA A100
GPU with 40GB of memory. We train for three
epochs with a batch size of 16 and a learning rate of
2e-5. We select the model checkpoint that achieves
the lowest loss on the Tune set. We experiment all
trainable models with a single seed.

All open-weights LLM experiments are con-
ducted on a two NVIDIA A100 GPUs with 80GB
of memory. Benchmarking all six LLMs on the Dev
set takes approximately four hours for each prompt
configuration. Gemini-3.1-Pro costs $11.16 on av-
erage per prompt configuration, while GPT-5.5-Pro
costs $67.52 on average per prompt configuration.

D Large Language Models (LLMs)

D.1 Experiments

We evaluate four experimental configurations
across all LLMs:

5scikit-learn v1.4.2
6Transformers v4.43.4
7lm-evaluation-harness v0.4.0
8CamelTools v1.5.5

• Input information: Lemma only,
Lemma+POS, or Lemma+POS+Gloss

• Prompt language: English or Arabic
• Lemma diacritization: Diacritized vs. Dedi-

acritized
• Number of shots: Zero-shot vs. Few-shot (5

examples)
We conduct 24 experiments per model, covering all
possible combinations. Table 10 shows the perfor-
mance of all LLMs under different configurations.

D.2 Prompts
The prompt changes based on two factors: the lan-
guage and the input feature. Figures 4, 5, 6, 7, 8,
and 9 show the different prompt templates depend-
ing on the input feature and the prompt language.

52589



Input Prompt diac/ Shots ALLaM Fanar2 Qwen3 Aya Jais2 Llama3.3 Gemini 3.1 GPT 5.5
Info Lang. dediac (7B) (27B) (30B) (32B) (70B) (70B) Pro Pro

L
ex

EN
diac Zero 70.8 64.0 65.0 59.5 74.4 70.1 64.8 80.5

Few 60.2 73.9 72.5 76.0 74.4 60.7 74.5 80.9

dediac Zero 68.1 65.6 65.7 60.9 74.4 72.9 62.1 78.3
Few 56.0 74.1 73.2 76.3 73.6 62.8 71.9 78.7

AR
diac Zero 72.9 68.2 65.5 48.5 71.8 71.3 59.4 80.5

Few 68.4 73.3 73.6 76.5 75.6 62.7 69.4 80.6

dediac Zero 70.1 69.9 65.8 39.8 72.6 73.9 55.4 77.9
Few 67.4 74.4 74.6 76.3 74.0 64.3 68.1 78.2

L
ex

+P
O

S EN
diac Zero 59.4 60.8 59.2 53.9 70.0 65.9 65.0 81.3

Few 59.6 72.1 71.5 75.1 72.7 61.4 74.2 81.4

dediac Zero 58.2 60.4 59.3 58.1 71.0 68.8 63.4 80.7
Few 54.1 73.2 71.3 75.1 73.0 63.6 74.2 80.3

AR
diac Zero 70.0 61.1 63.7 48.5 69.8 68.8 59.7 81.5

Few 69.1 73.4 73.3 75.0 74.2 64.1 70.4 81.3

dediac Zero 69.4 58.9 62.7 57.6 65.5 70.3 57.6 79.7
Few 65.4 73.5 73.5 74.1 72.8 64.9 69.2 80.1

L
ex

+P
O

S+
G

lo
ss

EN
diac Zero 61.9 62.3 63.6 60.9 69.6 68.9 63.4 81.1

Few 63.2 70.4 71.6 71.3 70.5 68.2 73.0 81.1

dediac Zero 60.5 61.5 62.8 61.7 69.2 69.6 61.5 80.7
Few 59.9 70.9 70.6 70.1 69.6 70.2 72.2 80.7

AR
diac Zero 70.7 69.4 65.3 50.8 70.2 71.3 57.6 80.7

Few 70.9 73.1 74.5 73.6 73.2 69.0 68.3 80.6

dediac Zero 68.5 67.2 66.3 55.5 70.3 73.2 56.5 80.2
Few 68.3 73.3 73.4 72.1 72.2 71.7 66.5 80.4

Table 10: Accuracy (%) of LLMs on the Dev set under different prompt configurations. Bold indicates the best
performance for each LLM.
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You are evaluating Arabic lexical readability for general readers.
Given two Arabic lemmas, determine which one is easier for a general
Arabic-speaking audience to read and understand.
Prefer words that are:
- common in everyday language,
- familiar to non-specialists,
- simple and widely recognized.
Less readable words are often:
- rare,
- archaic,
- literary,
- highly formal,
- technical,
- or specialized.
Choose "equal" only if both lemmas are extremely similar in familiarity
and difficulty.
Which Arabic lexical entry is easier for a general audience to read and
comprehend?
A. Lemma: {{Lex1}}
B. Lemma: {{Lex2}}
C. Both are equally easy.
Answer with only A, B, or C.
Answer:

Figure 4: The Lemma only English prompt.
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. ÐAªË @ 
øPA�®ÊË �éJ.� 	�ËAK. �éJ
K. QªË@ �H@XQ 	®ÖÏ @ �éËñîD� Õ �æ

�®�K �I	K



@

. �éJ
K. QªËAK. 	á�
�®£A 	JË @ �éÓA« øYË
�
AÒê 	̄ð ��èZ @Q�̄ ÉîD�



@ AÒîE




@ YK
Ym�

�' ù
 ë ½�JÒêÓð , 	á�
�J�
K. Q« 	á�
�KXQ 	®Ó ù¢ª��J�
: 	àñº�K ú


�æË @ �HAÒÊ¾Ë@ É �	� 	̄

, ú
×ñJ
Ë @ ÈAÒª
�J�B@ ú


	̄ �éª
KA �� -
, 	á�
�� 	j�JÖÏ @ Q�
 	ªË �é 	̄ñË



AÓ -

. 	¬�Qª�JË @ �éÊîD�ð �é¢J
��. -
: 	àñº�K

�
AJ. Ë A 	« I. ª�



B@ �HAÒÊ¾Ë@

, �èPXA 	K -
, �éJ
�K @Q�K -
, �éJ
K. X



@ -

,
�
@Yg. �éJ
ÖÞ�P -

, �éJ
 	J �®�K -
. �é�� 	j�JÓ ð



@ -

. ¨ñJ
 ��Ë@ð �éËñîD�Ë @ ú

	̄ �@Yg. 	á�
�JK. PA �®�JÓ 	àA�JÒÊ¾Ë@ �I	KA¿ @ 	X @
 ¡

�® 	̄ �	àA�JK
ðA���Ó
�
@ Q�� 	g@

? ÐAªË@ 
øPA�®ÊË
�
AÒê 	̄ð ��èZ @Q�̄ ÉîD�



@ 	á�
J
K. QªË@ 	á�
J
Òj. ªÖÏ @ 	á�
Ê 	gYÖÏ @ ø




@

A. {{Lex1}} : �éÒÊ¾Ë@
B. {{Lex2}} : �éÒÊ¾Ë@

C. . �éËñîD�Ë @ ú

	̄ 	àA�JK
ðA���Ó

.C ð


@ B ð



@ A �K. ¡�® 	̄ I. k.



@

: �éK. Ag. B
 @

Figure 5: The Lemma only Arabic prompt.
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You are evaluating Arabic lexical readability for general readers.
Given two Arabic lemmas, determine which one is easier for a general
Arabic-speaking audience to read and understand.
Prefer words that are:
- common in everyday language,
- familiar to non-specialists,
- simple and widely recognized.
Less readable words are often:
- rare,
- archaic,
- literary,
- highly formal,
- technical,
- or specialized.
Choose "equal" only if both lemmas are extremely similar in familiarity
and difficulty.
Which Arabic lexical entry is easier for a general audience to read and
comprehend?
A. Lemma: {{Lex1}}
Part of Speech: {{POS1}}
B. Lemma: {{Lex2}}
Part of Speech: {{POS2}}
C. Both are equally easy.
Answer with only A, B, or C.
Answer:

Figure 6: The Lemma+POS English prompt.
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. ÐAªË @ 
øPA�®ÊË �éJ.� 	�ËAK. �éJ
K. QªË@ �H@XQ 	®ÖÏ @ �éËñîD� Õ �æ

�®�K �I	K



@

. �éJ
K. QªËAK. 	á�
�®£A 	JË @ �éÓA« øYË
�
AÒê 	̄ð ��èZ @Q�̄ ÉîD�



@ AÒîE




@ YK
Ym�

�' ù
 ë ½�JÒêÓð , 	á�
�J�
K. Q« 	á�
�KXQ 	®Ó ù¢ª��J�
: 	àñº�K ú


�æË @ �HAÒÊ¾Ë@ É �	� 	̄

, ú
×ñJ
Ë @ ÈAÒª
�J�B@ ú


	̄ �éª
KA �� -
, 	á�
�� 	j�JÖÏ @ Q�
 	ªË �é 	̄ñË



AÓ -

. 	¬�Qª�JË @ �éÊîD�ð �é¢J
��. -
: 	àñº�K

�
AJ. Ë A 	« I. ª�



B@ �HAÒÊ¾Ë@

, �èPXA 	K -
, �éJ
�K @Q�K -
, �éJ
K. X



@ -

,
�
@Yg. �éJ
ÖÞ�P -

, �éJ
 	J �®�K -
. �é�� 	j�JÓ ð



@ -

. ¨ñJ
 ��Ë@ð �éËñîD�Ë @ ú

	̄ �@Yg. 	á�
�JK. PA �®�JÓ 	àA�JÒÊ¾Ë@ �I	KA¿ @ 	X @
 ¡

�® 	̄ �	àA�JK
ðA���Ó
�
@ Q�� 	g@

? ÐAªË@ 
øPA�®ÊË
�
AÒê 	̄ð ��èZ @Q�̄ ÉîD�



@ 	á�
J
K. QªË@ 	á�
J
Òj. ªÖÏ @ 	á�
Ê 	gYÖÏ @ ø




@

A. {{Lex1}} : �éÒÊ¾Ë@
{{POS1}} : ÐC¾Ë@ Õæ��̄

B. {{Lex2}} : �éÒÊ¾Ë@
{{POS2}} : ÐC¾Ë@ Õæ��̄

C. . �éËñîD�Ë @ ú

	̄ 	àA�JK
ðA���Ó

.C ð


@ B ð



@ A �K. ¡�® 	̄ I. k.



@

: �éK. Ag. B
 @

Figure 7: The Lemma+POS Arabic prompt.
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You are evaluating Arabic lexical readability for general readers.
Given two Arabic lemmas, determine which one is easier for a general
Arabic-speaking audience to read and understand.
Prefer words that are:
- common in everyday language,
- familiar to non-specialists,
- simple and widely recognized.
Less readable words are often:
- rare,
- archaic,
- literary,
- highly formal,
- technical,
- or specialized.
Use the English glosses only to clarify meaning. Judge the Arabic lemmas
themselves. Choose "equal" only if both lemmas are extremely similar in
familiarity and difficulty.
Which Arabic lexical entry is easier for a general audience to read and
comprehend?
A. Lemma: {{Lex1}}
Part of Speech: {{POS1}}
Meaning: {{Gloss1}}
B. Lemma: {{Lex2}}
Part of Speech: {{POS2}}
Meaning: {{Gloss2}}
C. Both are equally easy.
Answer with only A, B, or C.
Answer:

Figure 8: The Lemma+POS+Gloss English prompt.
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. ÐAªË @ 
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�®�K �I	K



@

. �éJ
K. QªËAK. 	á�
�®£A 	JË @ �éÓA« øYË
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: 	àñº�K

�
AJ. Ë A 	« I. ª�



B@ �HAÒÊ¾Ë@
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, �éJ
�K @Q�K -
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,
�
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. �é�� 	j�JÓ ð
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 	�ñ�JË ¡�® 	̄ ø

	Q�
Êm.�

	'B
 @ ú
	æªÖÏ @ ÐY 	j�J�@

. AîD� 	® 	K �éJ
K. QªË@ �éÒÊ¾Ë@ �éËñîD� Õ �æ

�̄

. ¨ñJ
 ��Ë@ð �éËñîD�Ë @ ú
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�® 	̄ �	àA�JK
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@ Q�� 	g@
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�
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J
K. QªË@ 	á�
J
Òj. ªÖÏ @ 	á�
Ê 	gYÖÏ @ ø




@

A. {{Lex1}} : �éÒÊ¾Ë@
{{POS1}} : ÐC¾Ë@ Õæ��̄

{{Gloss1}} : ú 	æªÖÏ @
B. {{Lex2}} : �éÒÊ¾Ë@
{{POS2}} : ÐC¾Ë@ Õæ��̄

{{Gloss2}} : ú 	æªÖÏ @
C. . �éËñîD�Ë @ ú


	̄ 	àA�JK
ðA���Ó
.C ð



@ B ð



@ A �K. ¡�® 	̄ I. k.



@

: �éK. Ag. B
 @

Figure 9: The Lemma+POS+Gloss Arabic prompt.
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E ML Experiments & Features Analysis

Table 11 presents the full set of Classical ML ex-
periments across different feature-ablation setups.
The feature groups include Arabic-side features,
such as frequency, SAMER-based readability lev-
els, lemma length, character frequency, root, and
abstract pattern, as well as English gloss-based
features, such as gloss frequency, gloss readabil-
ity level, gloss word count, gloss character count,
and gloss syllable count. For each setup, the table
indicates which feature groups are included and re-
ports the corresponding Dev-set accuracy for each
Classical ML model.

F Zero-Shot Lexicon Mapping Functions

Let N = 40,687 be the number of lemmas in
the ranked lexicon. Each lemma has a rank r ∈
{1, . . . , N}, where lower ranks correspond to eas-
ier lemmas and higher ranks correspond to harder
lemmas. We define a monotonic mapping

f : {1, . . . , N} → {1, . . . , 19}

such that

ri ≤ rj ⇒ f(ri) ≤ f(rj).

We consider several deterministic mappings.

Linear mapping.

flinear(r) =
⌈︂
19 · r

N

⌉︂
.

Logarithmic mapping.

flog(r; a) =

⌈︃
19 · log(1 + ar/N)

log(1 + a)

⌉︃
, a > 0.

Power-law mapping.

fpower(r; γ) =
⌈︂
19 ·

(︂ r

N

)︂γ⌉︂
, 0 < γ < 1.

Table 12 compares different monotonic map-
pings for converting the ranked lexicon into the
19-level BAREC scale, with and without closed-
class lemma annotations. The results show that
adding closed-class information consistently im-
proves performance for most mappings, confirming
that closed-class lemmas provide important read-
ability signals at the sentence level. Among the
tested mappings, the power mapping with γ = 0.5
performs best, achieving a distance of 2.50 when
combined with closed-class annotations.

G Lexicon-Based Sentence Features

For the classical machine learning experiments de-
scribed in Section 6.2, we extract 11 sentence-level
features from the ranked lemma lexicon and the
closed-class readability annotations.

The extracted features are as follows:

• word_count: the number of words in the sen-
tence.

• mean_lemma_rank: the mean lemma rank.

• max_lemma_rank: the maximum lemma rank
in the sentence.

• std_lemma_rank: the standard deviation of
lemma ranks.

• lemma_ratio_top_1pct: the proportion of
sentence lemmas whose ranks fall in the top
1% of the ranked lexicon.

• lemma_ratio_top_2pct: the proportion of
sentence lemmas whose ranks fall in the top
2% of the ranked lexicon.

• lemma_ratio_top_5pct: the proportion of
sentence lemmas whose ranks fall in the top
5% of the ranked lexicon.

• lemma_ratio_top_10pct: the proportion of
sentence lemmas whose ranks fall in the top
10% of the ranked lexicon.

• lemma_ratio_bottom_50pct: the propor-
tion of sentence lemmas whose ranks fall in
the bottom 50% of the ranked lexicon.

• lemma_ratio_closed_classes: the propor-
tion of words in the sentence that correspond
to closed-class lemmas.

• max_rl_based_on_closed_classes: the
maximum readability level assigned to any
closed-class lemma in the sentence.

H Ranked Lexicon Variants

In addition to the main ranked lexicon (BAREC-
LexRank), we construct two variants to support
different use cases. The first variant is BAREC-
LexComplete, which applies the same comparison-
based sorting procedure to all lemmas, including
closed-class lemmas.

The second variant is BAREC-LexSAMER.
This variant preserves the original SAMER
readability-level ordering while adding finer-
grained distinctions within each level. Specifically,
we apply the same sorting algorithm, but restrict

52597



Features Setups

ArFreq ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
ArSAMER ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
ArLength ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
ArCharFreq ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
ArRoot ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
ArAbsPattern ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
GlossFreq ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
GlossRL ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
GlossWordCount ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
GlossCharCount ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
GlossSyllableCount ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
GradientBoosting 80.3 61.9 80.4 79.0 70.2 80.2 80.0 80.3 80.3 80.4 80.3 80.2 80.3 80.3
ExtraTrees 79.7 61.1 79.9 79.0 70.2 79.7 79.5 80.0 79.8 79.7 80.0 79.9 79.7 79.8
RandomForest 79.6 60.4 79.7 78.7 70.2 79.5 79.5 79.3 79.5 79.9 79.6 79.5 79.4 79.8
AdaBoost 77.6 60.5 78.3 77.4 67.9 77.5 78.4 77.3 77.6 78.1 78.4 77.6 78.0 77.5
DecisionTree 70.5 54.4 71.9 71.2 61.8 70.9 70.2 70.8 70.9 70.5 70.5 70.7 71.2 70.9
LogisticRegression 60.6 56.5 67.6 56.1 61.3 60.4 60.9 60.6 60.7 65.4 60.6 60.5 60.6 60.6
KNN 55.0 55.0 64.4 56.0 55.0 55.0 55.0 55.0 55.0 64.4 55.0 55.0 55.0 55.0
MultinomialNB 51.5 49.7 63.0 50.6 51.5 51.5 51.5 51.5 51.5 62.9 51.5 51.5 51.5 51.5
SVC 53.0 53.0 59.9 53.0 53.0 53.0 53.0 53.0 53.0 59.9 53.0 53.0 53.0 53.0

Table 11: Classical ML performance across feature ablation setups on the Dev set. Checkmarks indicate the feature
groups included in each setup.

Mapping Parameter Dist Dist (+Closed Classes)

Linear – 4.52 2.90
Log a = 3.0 3.45 2.60
Log a = 9.0 3.21 2.70
Log a = 19.0 3.29 2.95
Log a = 49.0 3.67 3.48
Power γ = 0.25 4.03 3.99
Power γ = 0.33 3.28 3.17
Power γ = 0.5 2.90 2.50
Power γ = 0.75 3.59 2.59
Power γ = 1.0 4.52 2.90
Closed Classes – 4.04 –

Table 12: Zero-shot lexicon-based readability prediction
results on the BAREC Dev set.

the Classical ML model to comparing lemmas that
belong to the same SAMER level.

We evaluate both variants on sentence-level read-
ability assessment using BAREC learning-curve
experiments. Figures 10 and 11 show the Dev and
Test results for the BAREC-LexComplete, respec-
tively. Figures 12 and 13 show the corresponding
results for the BAREC-LexSAMER.
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Figure 10: Learning-curve results on the BAREC Dev
set using BAREC-LexComplete. Performance is mea-
sured by average absolute distance (Dist); lower is bet-
ter.
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Figure 11: Learning-curve results on the BAREC Test
set using BAREC-LexComplete. Performance is mea-
sured by average absolute distance (Dist); lower is bet-
ter.

52598



Training Data

D
is

t

1.00

1.50

2.00

2.50

3.00

3.50

1.6% 3.1% 6.3% 12.5% 25% 50% 100%

LexRank-ZS LexRank-ML AraBERTv2+D3Tok+Reg

AraBERTv2+D3Tok+Reg (+LexRank)

Dev

Figure 12: Learning-curve results on the BAREC Dev
set using BAREC-LexSAMER. Performance is measured
by average absolute distance (Dist); lower is better.
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Figure 13: Learning-curve results on the BAREC Test
set using BAREC-LexSAMER. Performance is measured
by average absolute distance (Dist); lower is better.
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