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Abstract

Dialectal Arabic to Modern Standard Arabic
(DA-MSA) translation is a challenging task in
Machine Translation (MT) due to significant
lexical, syntactic, and semantic divergences be-
tween Arabic dialects and MSA. Existing auto-
matic evaluation metrics and general-purpose
human evaluation frameworks struggle to cap-
ture dialect-specific MT errors, hindering
progress in translation assessment. This pa-
per introduces Ara-HOPE, a human-centric
post-editing evaluation framework designed to
systematically address these challenges. The
framework includes a five-category error tax-
onomy and a decision-tree annotation protocol.
Through comparative evaluation of three MT
systems (Arabic-centric Jais, general-purpose
GPT-3.5, and baseline NLLB-200), Ara-
HOPE effectively highlights systematic per-
formance differences between these systems.
Our results show that dialect-specific termi-
nology and semantic preservation remain the
most persistent challenges in DA-MSA transla-
tion. Ara-HOPE establishes a new framework
for evaluating Dialectal Arabic MT quality and
provides actionable guidance for improving
dialect-aware MT systems. For reproducibility,
we make the annotation files and related ma-
terials publicly available at https://github.
com/abdullahalabdullah/Ara-HOPE

1 Introduction
This paper enhances Dialectal Arabic to Mod-
ern Standard Arabic (DA-MSA) translation qual-
ity assessment through a human-centric evaluation
framework, addressing key gaps in current meth-
ods for under-resourced language pairs.

Dialectal Arabic (DA) refers to the informal va-
rieties of Arabic used in everyday communication,
which vary significantly across regions. In con-
trast, Modern Standard Arabic (MSA) is the formal
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variety used in writing, education, and traditional
media (Diab et al., 2010).

Unlike interlingual translation tasks (e.g. trans-
lating from English to Arabic), DA-to-MSA trans-
lation is a dialect normalization task that intro-
duces additional challenges arising from diver-
gences between Arabic dialects and MSA. Key dif-
ferences between DA and MSA that affect MT in-
clude: (i) Orthographic differences: Dialects do
not follow standardized spelling rules and the same
word may appear in different forms, making au-
tomatic text normalization difficult for NLP sys-
tems (Alhafni et al., 2024). (ii) Morphological
differences: Morphology is how words change
form to express features such as tense or gender.
While MSA has a rich, complex, and standard-
ized morphology, spoken dialects often simplify
these systems by omitting rules or using reduced
forms (Kirchhoff et al., 2006). (iii) Lexical differ-
ences: Dialectal vocabulary often includes slang
and idiomatic expressions that are typically absent
in MSA (Hadj Mohamed et al., 2023). (iv) Syn-
tactic differences: Syntax, sentence structure, and
word order in many dialects differ from MSA (Bi-
adsy et al., 2009). (v) Code-switch: Speakers of-
ten mix DA and MSA, and sometimes even for-
eign words, within a single sentence. This adds
more complexity when trying to build systems that
automatically translate from DA to MSA (Hamed
et al., 2025). These challenges make DA-MSA
translation a complex task requiring specialized ap-
proaches grounded in a sound understanding of
common error types in DA-MSA translation sys-
tems.

In this paper we introduce a post-editing hu-
man evaluation framework that offers the granu-
larity needed to identify systemic weaknesses in
DA-MSA machine translation systems. Unlike
general-purpose frameworks, our proposed frame-
work (Ara-HOPE) targets translation errors that re-
sult from DA-specific translation challenges.
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2 Related Work
2.1 Advancements in Dialectal Arabic

Translation
Neural architectures have transformed DA-MSA
translation by capturing contextual dependencies
and complex syntactic and semantic relationships,
effectively modeling dialectal variations and pro-
ducing more fluent and accurate translations (Ba-
niata et al., 2018). The emergence of large par-
allel corpora has further advanced Neural Ma-
chine Translation by mitigating data scarcity and
enabling training on dialectally diverse data. A
key example is the MADAR corpus, which con-
tains parallel translations from 25 Arabic city di-
alects (Bouamor et al., 2018). Recent studies have
compared neural architectures, including encoder–
decoder models like NLLB-200 and decoder-only
models like GPT-3 and GPT-4o (Team et al.,
2022; Brown et al., 2020; Alabdullah et al., 2025).
Decoder-only models have demonstrated better
performance at preserving cultural context (Yakhni
and Chehab, 2025).

The emergence of LLMs trained on large and
diverse multilingual data, and further optimized
through instruction tuning, has enabled models to
follow natural-language instructions and generate
appropriate outputs for a wide range of tasks, in-
cluding machine translation, without costly task-
specific fine-tuning (Brown et al., 2020). This
paradigm is known as In-Context Learning (ICL),
where the desired task is specified directly in the
prompt, and the model infers the mapping from
the provided context. In zero-shot ICL, the model
is instructed to translate from a source to a target
language without providing any in-prompt exam-
ples. Zero-shot prompting has been particularly ef-
fective when parallel data is scarce and is widely
used in DA-MSA shared tasks such as OSACT (At-
wany et al., 2024) and NADI (Abdul-Mageed et al.,
2024).

While multilingual LLMs capture general lin-
guistic features through large-scale multilingual
pretraining, new Arabic-specialized LLMs like
Jais improved the handling of dialectal nuances
and cultural references (Sengupta et al., 2023;
Mousi et al., 2025), producing more natural and
contextually appropriate translations. Despite
these advances, neural models continue to under-
perform on DA translation due to persistent chal-
lenges with dialectical nuances and culturally em-
bedded expressions (Mousi et al., 2025; Alabdul-

lah et al., 2025).

2.2 Dialectal Arabic Translation Evaluation
Traditional automatic evaluation metrics such as
BLEU (Post, 2018) and METEOR (Banerjee and
Lavie, 2005) are limited for DA-MSA translation,
as they rely on lexical overlap and perform poorly
on morphologically rich languages like Arabic.
Bouamor et al. (2014) proposed AL-BLEU, an
extension of BLEU that assigns partial credit for
stem and morphological matches, yielding better
correlation with human judgment than standard
metrics. However, AL-BLEU remains a lexical-
overlap metric and fails to capture semantic ade-
quacy, particularly an issue for syntactically flex-
ible languages like Arabic. While metrics like
BLEU allow evaluation against multiple reference
translations, these are challenging to produce. As
a result, these metrics favor literal translations with
high lexical overlap over contextually appropriate
ones that better reflect human judgment, but differ
lexically from the reference.

In low-resource settings such as dialectal Arabic,
neural evaluation metrics like BERTScore (Zhang
et al., 2019) and COMET (Rei et al., 2020) also
face challenges. Falcão et al. (2024) showed that
COMET’s performance on under-resourced lan-
guages is constrained by imbalanced training data.
These metrics rely on pretrained models which typ-
ically lack sufficient dialectal Arabic training data,
leading to lower-quality embeddings.

Human evaluation frameworks such as the Mul-
tidimensional Quality Metrics (MQM) assess fine-
grained translation errors like omissions and reg-
ister mismatches (Lommel et al., 2013, 2024).
While MQM allows for more precise diagnostic er-
ror analysis due to its detailed error taxonomy, this
comes at the cost of increased complexity in the
annotation framework, requiring extensive annota-
tor training, which can be costly and difficult to
achieve for low-resource languages (Kocmi et al.,
2024). Moreover, DA translation requires a spe-
cialized human evaluation framework that captures
the most impactful error types and minimizes sub-
jectivity in assessing translation quality for this spe-
cific task, with only minimally trained annotators.
To further advance research in this direction, we
build our methodology on the HOPE metric (Glad-
koff and Han, 2022). HOPE is a task-oriented
evaluation framework designed to address the lim-
itations of both automatic evaluation metrics (e.g.
BLEU) and highly fine-grained but complex hu-
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man evaluation frameworks such as MQM. Ara-
HOPE is human-centric because it only incorpo-
rates eight evaluation criteria that capture the most
critical and recurring errors in translation between
the Levantine Arabic dialect and MSA, reflecting
translation quality as perceived by native speakers.
The assigned error scores correspond to the post-
editing effort required to bring the translation to
an acceptable quality.

3 Methodology Design

3.1 Framework Development
Ara-HOPE Error Taxonomy Design: Develop-
ing a robust human evaluation framework requires
clearly defined objectives. For DA-MSA transla-
tion, this requires an error taxonomy tailored to the
specific challenges of this language pair. While
the HOPE framework (Gladkoff and Han, 2022)
offers a foundation for general post-editing trans-
lation assessment, we adapt the general error types
in HOPE to capture the specific challenges of DA-
MSA translation. To minimize subjective judg-
ment between annotators, we also reduce the sever-
ity scoring range to three levels: from 0 (no er-
rors) to 2 (major error). Our proposed taxonomy
is designed to evaluate translation quality, iden-
tify system weaknesses, and guide system improve-
ments, while remaining usable by native DA speak-
ers without requiring extensive annotation training.
To achieve this, we employ a direct quality estima-
tion approach that evaluates predefined aspects of
translation quality (e.g. fluency) at the segment
level using discrete severity scores. This design
makes our framework easier to train annotators on
and faster to apply than MQM.

Design Principles: To ensure a theoretically
sound and practical taxonomy, we developed
guidelines grounded in best practices in translation
quality assessment (Han, 2020; Rivera-Trigueros,
2022) and refined them through iterative feedback
from focus groups with native DA speakers. The
finalized guidelines comprise six core principles:
(1) Identifiability: Errors must be detectable by
minimally trained native dialect speakers to ensure
consistent evaluation. (2) Distinguishability: Cat-
egories should have minimal conceptual overlap,
with clear definitions to avoid confusion. (3) Ac-
tionability: Error classification must enable tar-
geted system improvements through quantifiable
error severity and clear mapping to issues in the
translation system. (4) Comprehensiveness: The

taxonomy must capture all major errors common
in DA-MSA MT, including dialect-specific chal-
lenges. (5) Relevance: Categories must address
issues unique to DA-MSA translation rather than
pure general translation errors. (6) Usability: The
taxonomy should remain manageable in size, bal-
ancing high-level categories with sufficient granu-
larity.

Taxonomy Structure: The Ara-HOPE taxon-
omy categorizes DA-MSA translation errors into
three hierarchically structured classes: (1) Fluency
Error (FLU): Grammatical or linguistic errors in
the MSA translation, independent of the DA source
sentence. (2) Meaning Transfer Error: Failures
to accurately preserve source meaning. This cat-
egory includes Proper Name (PRN) errors, refer-
ring to incorrect translations of names of people,
places, or organizations; Dialect-Specific Term
(TRM) errors, which involve untranslated or mis-
translated dialectal expressions that alter meaning;
and General Semantic Mistranslation (GSMIS) er-
rors, which includes omissions, additions, or other
semantic changes. (3) Adaptation Error (ADP):
Translations that are unnatural or contextually in-
appropriate in tone, style, or intent.

GSMIS captures global meaning changes aris-
ing from the model’s inability to handle DA’s
contextual dependencies and includes all meaning
changes not covered by PRN or TRM. This cat-
egory was introduced after observing that LLMs
often produce semantic distortions beyond proper
name or dialect-specific term mistranslations.

Decision Tree Implementation While a list for-
mat effectively outlined the taxonomy, it was later
reformatted as a decision tree to reduce cognitive
load for our minimally trained evaluators. The de-
cision tree guides annotators through hierarchical
error categories, as shown in Figure 5 in the Ap-
pendix. An English translated version of the tree
is provided in Figure 6 in the Appendix.

This structure simplifies annotation by provid-
ing step-by-step guidance, helping evaluators un-
derstand the evaluation process, handle multiple
error types systematically, and make consistent
judgment at each level. The tree begins with the
three primary categories (Fluency, Meaning Trans-
fer, and Adaptation) and expands into more gran-
ular subcategories. Each node presents a yes/no
question to minimize subjective judgments. Since
some error types (e.g. Dialect-Specific Term) can
be challenging to distinguish from other categories,
we provided annotators with a table of annotation
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guidelines with illustrative examples to clarify the
distinctions between error types. The guidelines
can be found in Figure 7 in the Appendix.

Practical initial testing demonstrated Ara-
HOPE’s effectiveness in addressing dialect-
specific translation challenges and improving
annotation consistency. The decision-tree struc-
ture also proved especially effective in guiding
evaluators and enhancing usability.

3.2 Dataset Preparation
Our human evaluation experiment utilized 200
tweets from the Levantine development set of the
Dial2MSA-Verified dataset (Khered et al., 2025),
a high-quality parallel corpus for DA-MSA trans-
lation in the social media domain. It extends the
original Dial2MSA dataset (Mubarak, 2018) and
applies automated corrections and human evalua-
tion by native speakers to produce reliable MSA
references.

This tweets dataset was chosen for its com-
prehensive representation of DA-MSA translation
challenges, including: Lexical variations: col-
loquial and multi-word expressions. Semantic
shifts: cultural references and context-dependent
meaning. Orthographic variations: common in
Levantine social media text.

The tweets in this dataset span a wide range
of tones, from casual tweets to heated discourse,
ensuring thorough testing of MT systems’ ability
to handle DA translation, while preserving sen-
timent. Moreover, the dataset allows for testing
Ara-HOPE’s capacity to capture nuanced dialect-
specific translation errors.

Our 200-example subset size exceeds the lower
bound below which translation quality estimates
become unreliable, addressing concerns that a very
small sample may lead to unreliable error analysis
(Gladkoff et al., 2022).

3.3 Translation Systems Selection
For this human evaluation experiment, we selected
three translation systems using three predefined
criteria, which ensure a robust comparative anal-
ysis of DA-MSA translation performance: (i) Re-
liability and Proven Performance: Each system
has demonstrated strong performance on DA-MSA
translation in prior work. (ii) Architectural Diver-
sity: The systems represent distinct model families
(encoder-decoder vs. decoder-only) and differ in
pretraining data sources, encouraging diverse out-
puts and reducing redundancy. (iii) Performance

Scope: We include both advanced and baseline
systems to contrast general-purpose and Arabic-
specialized approaches.

The Selected Systems Are: Jais: A state-of-
the-art Arabic-centric model trained with approx-
imately one-third of its training tokens drawn from
Arabic data, excelling at capturing DA-MSA nu-
ances (Sengupta et al., 2023). GPT-3.5: A general-
purpose multilingual LLM. We will use this model
to benchmark multilingual systems against an
Arabic-specialized model. This model was in-
troduced as an improvement over its predecessor,
GPT-3 (Brown et al., 2020). NLLB-200 3.3B: A
multilingual baseline MT system, providing con-
trast and revealing errors that more advanced sys-
tems may avoid (Team et al., 2022).

Each of the three systems was prompted to
translate the same 200 examples. A zero-shot in-
struction setup was used to fairly evaluate each
model’s baseline capabilities without fine-tuning
or advanced prompting configuration. Jais and
GPT-3.5 received consistent prompts (in Arabic for
Jais and English for GPT-3.5) while NLLB-200 re-
quired no prompting due to its built-in MT task sup-
port.

4 Implementation

4.1 Annotator Selection and Training
Two native speakers of Syrian Levantine Arabic
with advanced proficiency in MSA volunteered as
annotators. Both hold undergraduate degrees in
Arabic Language, enabling them to identify viola-
tions of MSA grammatical rules. Recruiting two
annotators allowed for inter-annotator agreement
(IAA) analysis while keeping the annotators group
size manageable.

Annotators received initial training through a 25-
minute pre-recorded video and supplementary ma-
terials. Training covered: (1) an Error Taxon-
omy Guide: providing detailed definitions of error
types, alongside diverse examples of correct and in-
correct DA-MSA translations, and (2) a Decision
Tree Workflow: annotators first read the source
and gold translation to establish the intended mean-
ing, then highlighted errors by severity starting
with the most critical, and finally used the decision
tree (Figure 6 in the Appendix) to classify errors
systematically.

Offline support was available throughout the an-
notation period. Each annotator spent approxi-
mately 12 hours on their tasks, supported by multi-
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ple feedback sessions to ensure clarity and consis-
tency.

4.2 Pilot Testing and Framework Refinement
Before full-scale evaluation, a pilot study was con-
ducted with one annotator annotating 10 DA-MSA
examples. The primary goal was to test the frame-
work’s usability and effectiveness. The feedback
received focused on: (1) Instruction Clarity: The
annotator initially struggled to distinguish between
meaning transfer and adaptation errors. The def-
initions were revised accordingly. (2) Question-
naire Usability: The layout was changed to ensure
ease of use and reduce cognitive load. (3) Severity
Scale Adjustments: Confusing mid-range scores
were removed, leading to refinement of the scoring
scale.

The pilot test confirmed the framework’s overall
effectiveness and identified minor improvements
needed to enhance clarity and usability. Revisions
ensured annotators could complete evaluation effi-
ciently without sacrificing accuracy.

4.3 Questionnaire Design
A structured Excel sheet was created to support an-
notation and data analysis. Each sheet contained
three sets of columns, one per translation engine.
Each annotator evaluated 600 translations in total
(200 for each translation engine). Figure 1 shows
two annotated examples for the Jais system. The
first three columns show the DA sentence, the MSA
gold translation, and the proposed machine trans-
lation. Columns 4-8 represent the five Ara-HOPE
error categories, with annotators assigning severity
scores from 0 (no error) to 2 (major error). Empty
cells indicate a score of 0, and the final column
sums the error scores for each sentence.

Annotators assessed adaptation errors only
when no meaning transfer errors (PRN, TRM,
GSMIS) were present, as style or tone evaluation
is irrelevant when meaning is lost. To prevent
over-penalizing systems that preserved meaning
but erred in adaptation, adaptation scores were
weighted at 50% in the segment total error score
(SEGS) calculation.

Three physical copies of the Excel sheet were
printed (one for each system) as annotators pre-
ferred working on paper. Each contained the same
DA-MSA pairs, differing only in the translation en-
gine output. Annotators marked scores manually,
and data were later transferred to the digital Excel
template.

5 Results Analysis
5.1 Inter Annotator Agreement
Inter-Annotator Agreement (IAA) measures con-
sistency between evaluators, with high scores in-
dicating a reliable and reproducible annotation
framework. In our study, we employed Quadratic
Weighted Cohen’s Kappa (QWK) because it effec-
tively handles ordinal severity ratings by assigning
greater penalties to larger disagreements, whereas,
the ordinary Cohen’s κ treats all disagreements
equally, unweighted κ, e.g. 0 vs 1 = 0 vs 2. In
addition, quadratic weights are standard for ordi-
nal ratings (Cohen, 1968). This makes it particu-
larly suitable for error severity judgment on our 0-
2 scale, where the magnitude of disagreement mat-
ters. The IAA scores are presented in Table 1.

As shown in Figure 6, Meaning Transfer com-
prises three fine-grained error types (PRN, TRM,
and GSMIS). Accordingly, for Meaning Trans-
fer IAA, we compute inter-annotator agreement
on an aggregated severity score obtained by sum-
ming PRN, TRM, and GSMIS. This reflects an-
notator agreement on overall meaning-transfer im-
pact rather than on individual sub-error categories.
Similarly, SEGS represents the segment-level to-
tal error score (produced by summing all five error
types’ scores), and the corresponding IAA reflects
agreement on overall segment-level error severity.

The IAA scores varied meaningfully across er-
ror categories: Fluency showed strong agreement
for most MT systems, likely due annotators’ Ara-
bic language expertise, which minimized inaccu-
rate judgments. Meaning Transfer achieved ro-
bust agreement, likely due to the clear criteria re-
garding preservation of original meaning, as estab-
lished in the Ara-HOPE taxonomy decision tree
(Figure 6). Those definitions were particularly re-
fined before the full evaluation during our pilot test-
ing and feedback sessions. This consistency indi-
cates a shared understanding of meaning preserva-
tion requirements among our annotators. Adapta-
tion yielded the lowest agreement (0.122-0.28) due
to its inherently subjective nature.

A translation has an adaptation error when it
seems unnatural or inappropriate to the context,
situation, or intent of the source. Unlike fluency or
meaning-transfer errors, which can often be local-
ized to specific parts of the translation, adaptation
errors require more holistic, and usually subjective
judgment. One example is the dialectal sentence:
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Figure 1: Example layout of the annotation questionnaire used for evaluating DA-MSA translations across fluency,
meaning transfer, and adaptation error categories. To avoid unfairly penalizing systems that preserved meaning but
made adaptation errors, adaptation scores were weighted half in the segment total error score calculation.

اࠍ੆ص Մ៰Ղ ا৵৥ৠڎ ྵื ሒᇆ؇ۋ٭ ༡޺޾ ع ๴ཟّگ رح ೑಻Ⴄ၍ ෠ູݠ۰ً واڢؕ ݆݁ ௧ௌොຳ ؜ܾ
اڢިى (”I am speaking from experience. It almost
destroyed my life’s dream, but thank God, love is
stronger”), which the Jais model translated as

،ଫଊ܋৙৑ا గఒ༡޶ ਵਦࣖࣁ Ⴄ၍دت มฆܳا اܳލۛݱ٭۰ ॷड़भݠ෠ູ আॻ༟ ً ਍ಸ؇ء أොູڎث أَ؇
.ଫଃًܝټ أڢިى أَ۬ اࠍ੆ص أཿྟب ،Մ៰Ղا ᆇ໲ໜڎ وܳـܝ݆ (”I speak from my
personal experience, which almost destroyed my
biggest dream, but thank God, love proved to be
much stronger.”)

While both annotators agreed that the translation
is fluent and preserves the source meaning, one
judged it to be slightly less natural in MSA (ADP
= 1, minor adaptation error), whereas the other an-
notator found it acceptable and contextually appro-
priate.

The annotator disagreement likely stems from
the rendering of phrases suchas اڢިى اࠍ੆ص Մ៰Ղ ا৵৥ৠڎ ྵื
(“But thank God, love is stronger”) which was
translated as ଫଃًܝټ أڢިى أَ۬ اࠍ੆ص أཿྟب ،Մ៰Ղا ᆇ໲ໜڎ .وܳـܝ݆ (”But
thank God, love proved to be much stronger”),
which may be seen as stylistically over-emphatic
or slightly less natural in MSA for this context.

Error Type Jias GPT3.5 NLLB200
Fluency 0.507 0.552 0.368
Meaning Transfer 0.529 0.629 0.554
Adaptation 0.171 0.122 0.280
SEGS 0.608 0.629 0.500

Table 1: Quadratic Weighted Kappa (QWK) scores
across models and error types. Meaning Transfer IAA
is computed on aggregated PRN+TRM+GSMIS sever-
ity; SEGS reflects total segment-level error severity.

The IAA scores for the three systems in our
study on the segment-level total error score (SEGS)
was 0.5 to 0.629, indicating reasonably consistent
human evaluation.

Prior work, including (Landis and Koch, 1977),
considers kappa scores in the range of 0.41-0.60 to
indicate a moderate level of agreement and 0.61-

0.80 to indicate substantial agreement. Neverthe-
less, it is important to note that the interpretation
of standard Kappa and Quadratic Weighted Kappa
varies considerably.

Aggregating fine-grained error categories into a
composite severity score reduces sparsity and stabi-
lizes the marginal distributions, which is known to
improve reliability of composite measures (Fleiss
et al., 2003). Moreover, Quadratic Weighted
Kappa assigns smaller penalties to near disagree-
ments (Cohen, 1968), so cross-category disagree-
ments often translate into small ordinal differences
after aggregation. Consequently, agreement com-
puted on aggregated segment-level scores can ex-
ceed that of individual categories.

5.2 Quantitative Error Analysis
The quantitative analysis below presents a compar-
ison of MT system performance, highlighting dif-
ferences across key evaluation criteria. This assess-
ment identifies each system’s strengths and weak-
nesses, as well as both unique and shared chal-
lenges across systems.

Error Severity Analysis This analysis exam-
ines translation error severity for 205 sentences pro-
duced by the three MT systems using the accumu-
lated sentence total error scores (SEGS). It is essen-
tial for understanding how each model handles DA-
MSA translation and for identifying systems that
generate higher-quality outputs that require mini-
mal post-editing.

SEGS is calculated as the sum of the scores as-
signed to each of the five error types per sentence,
yielding a range of 0-4 per sentence. For compar-
ison, SEGS values were grouped as follows: seg-
ments requiring no editing (SEGS = 0), segments
with minor errors (0.5 < SEGS ≤ 1), and seg-
ments with major errors (SEGS > 1).

Figure 2 shows clear differences among the sys-
tems. For Jais, 36% of segments required no edit-
ing, 34% had minor errors, and 30% had major er-
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Figure 2: Comparison of error severity distribution among Jais, GPT-3.5, and NLLB-200, highlighting proportions
of major, minor, and no-error translations.

rors. GPT-3.5 performed slightly better, with 39%
of segments requiring no editing, fewer minor er-
rors (26%), but slightly more major errors (35%).
NLLB-200 performed the worst, with only 19% of
segments requiring no editing and 62% containing
major errors.

These results reflect differences in model archi-
tecture and training. Jais, as an Arabic-centric
model, handles DA-specific nuances well but still
struggles with complex segments. GPT-3.5’s
general-purpose design provides balanced perfor-
mance but lacks Arabic specialization. The strong
performance of Jais and GPT-3.5 underscores
the relative strength of decoder-only models over
encoder-decoder models like NLLB-200.

Error Pattern Examining the error distribu-
tions in Figure 3 provides key insights into each
system’s approach to DA-MSA translation chal-
lenges. NLLB-200 exhibits a high frequency of
dialect-specific term (TRM) and semantic preser-
vation (GSMIS) errors, highlighting its encoder–
decoder architecture’s difficulty with idiomatic
expressions, cultural references, and context-
dependent meanings specific to Levantine Arabic.
These issues stem from limited domain-specific
tuning and insufficient exposure to regional cultur-
ally embedded expressions, which are essential for
accurate meaning transfer.

Jais, despite its Arabic-specialized pretraining,
struggles with proper names (PRN). This might be
because the system tends to over-normalize or ex-
cessively standardize names transliterated in social
media DA content, leading to the loss of original or

intended forms. However, its strong performance
with dialect-specific terminology reflects effective
handling of DA morphological variations, likely
due to its extensive pretraining on Arabic data.

GPT-3.5 shows a balanced error distribution
across many categories, suggesting that its large
multilingual pretraining and sheer parameter size
help offset the lack of explicit Arabic dialectal
training. This is particularly evident in challenging
cases involving code-mixing (where words from
two languages or dialects are used in the same sen-
tence) and pragmatic shifts, which require inter-
preting meaning based on context, tone, or speaker
intent rather than literal words. These cases require
advanced comprehension, and the model performs
well in them even though it was not specifically
trained on Arabic dialects.

The consistently low fluency (FLU) error rates
across systems indicate that syntactic reconstruc-
tion from DA to MSA is less challenging than
lexical-semantic transfer1. Low adaptation (ADP)
error rates across all systems are largely due to this
error type being assessed only when meaning trans-
fer errors (PRN, TRM, GSMIS) are absent. When
a text fails to convey its intended meaning, evaluat-
ing its stylistic or cultural appropriateness becomes
less relevant.

A complementary view is provided in Figure 4,
which shows the exact error distribution for each
system. The total error scores for all sentences

1Lexical-semantic transfer refers to the mapping of words
and their intended meaning from one dialect or language va-
riety to another.
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Figure 3: Comparison of Jais, GPT-3.5, and NLLB-200 models’ error scores across error categories

(SEGS). It is clear that NLLB-200 has a signifi-
cantly higher total error score (297.50) compared
to GPT-3.5 (196.25) and Jais (187.50), with Jais
producing the least meaning transfer errors. No-
tably, TRM and GSMIS errors constitute the ma-
jority of total errors across all systems, indicating
that future MT development for DA-MSA should
prioritize improvements in semantic accuracy and
dialect-specific terminology handling.

5.3 Qualitative Error Analysis
This qualitative analysis offers concrete examples
of two common error types to illustrate how trans-
lation quality varies across MT systems, focusing
on challenging linguistic phenomena.

5.3.1 Analysis of Dialectal Terminology
Errors

Addressing dialect-specific terms (TRM) is a core
challenge in DA-MSA translation due to vocab-
ulary mismatches between informal dialects and
formal Arabic. Table 2 presents a sentence con-
taining a unique dialect-specific term. The word
ඔඃ౯౏భ (”amazing” in Syrian Arabic) lacks a direct
MSA equivalent, requiring systems to interpret its
meaning contextually instead of relying on word-
for-word mapping. Unlike NLLB-200, Jais, with
its Arabic-centric pretraining, was better at recog-
nizing this regional idioms. GPT-3.5, though not

Source DA: ๮དྷറണ೷ َޚܹؕ ৖৑زم ،ඔඃ᛻෠ຬ ި੊اࠍ اܳ٭ިم
Gold MSA: ۰۱଩଍ይዧ ෛຶݠج أن ෠ຬص رافؕ، اܳޚگݴ اܳ٭ިم
“The weather is wonderful today; we should go
out for a walk.”
Jais: ۰۱଩଍ይዧ ࢾ۱ࣕص أن ෠ຬص رافؕ، اܳޚگݴ اܳ٭ިم
“The weather is wonderful today; we should go
for a walk.”
GPT-3.5: ۰۱଩଍ይዧ ෛຶݠج أن ෠ຬص ᆙᆘٺ؇ز، اܳޚگݴ اܳ٭ިم
“The weather is excellent today; we should go
out for a walk.”
NLLB-200: ෛຶݠج أن ෠ຬص ෠੼ٷިن، اܳޚگݴ اܳ٭ިم
“Today’s weather is crazy; we should go out for
a walk.”

Table 2: Evaluation of how models handle dialect-
specific terms (TRM), highlighting translation chal-
lenges in translating informal expressions to MSA.

DA-specialized, leverages its broad language un-
derstanding to connect dialect terms to contextu-
ally appropriate MSA words (translating ඔඃ౯౏భ as ᆙᆘٺ؇ز
”excellent”). These findings demonstrate that suc-
cess with TRM errors depends heavily on expo-
sure to diverse, dialect-rich data that treats dialec-
tal phrases as meaningful units to be interpreted
contextually, rather than treating them as isolated
words.
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Figure 4: Visualization of accumulated error scores across fluency, meaning transfer, and adaptation error categories
for Jais, GPT-3.5, and NLLB-200 in DA-MSA translation.

Source DA: ݁أݱص ྘ܳݷ ڢݱٺ۹ ނި
Gold MSA: ༚؇ݪٴً؇؟ ਊಾڎو ৎ৊؇ذا اਵਦ৙৑؟ ؇݁
“What’s wrong? Why do you look angry?”
Jais: ༚؇ݪٴً؇ ਊಾڎو ৎ৊؇ذا اࠍ੅ޚص؟ ؇݁
“What’s the matter? Why do you look angry?”
GPT-3.5: ༚؇ݪٴً؇؟ ਊಾڎو ৎ৊؇ذا ༡ڎث؟ ݁؇ذا
“What happened? Why do you look angry?”
NLLB-200: ༚؇ݪص؟ ೑಻أ ৎ৊؇ذا ڢݱٺ۹؟ ሒሃ ؇݁
“What is your story? Why are you angry?”

Table 3: Comparison of model performance on Adapta-
tion (ADP) errors.

5.3.2 Analysis of Adaptation Errors
Table 3 presents an example illustrating how the
different systems preserved the intent and tone of
the source when translating to MSA. ADP errors
highlight the gap between DA’s context-dependent
expressions and MSA’s formality. For instance,
translating ڢݱٺ۹ ނި (casual “What’s wrong?”) re-
quires capturing the speaker’s intent rather than
just the literal words. NLLB-200 translates this
as ڢݱٺ۹ ሒሃ ؇݁ (“What is your story?”), focusing on
a literal interpretation. Jais, benefiting from expo-
sure to both dialect and MSA data, uses the conven-
tional MSA phrase اࠍ੅ޚص ؇݁ (“What’s the matter?”).
GPT-3.5 chooses the phrasing ༡ڎث ݁؇ذا (“What hap-
pened?”). These differences show that reducing
ADP errors requires systems to prioritize intent and
context over lexical mapping, treating DA as a dis-
tinct communication style with its own contextual
rules rather than simply a variation of MSA.

Overall, our analyses emphasize that effective
DA-MSA translation depends on training strate-

gies that prioritize (1) comprehension of dialect
phrases and (2) preservation of speaker intent
across registers. The qualitative analysis above
shows that low-resource MT is a creative task, in-
volving sub-tasks like sentiment analysis and for-
mality adaptation, which go beyond simple lexical
mapping.

6 Conclusion

This paper introduces the Ara-HOPE framework
as a human-centric approach for evaluating DA-
MSA translation, successfully fulfilling its in-
tended objectives through a specialized error tax-
onomy, an efficient annotation workflow, and a
comparative evaluation of different MT systems.
The five-category error classification system ef-
fectively captures translation challenges unique to
DA, while the decision tree protocol improves
annotation consistency. Quantitative findings re-
veal significant differences in performance among
Arabic-centric (Jais), general-purpose (GPT-3.5),
and baseline (NLLB-200) systems, with dialect-
specific terminology and semantic preservation
identified as key challenges. By systematically ad-
dressing the complexities of DA-MSA translation
assessment through rigorous human evaluation,
Ara-HOPE establishes reproducible standards for
Arabic MT assessment and provides actionable in-
sights to guide future MT systems development 2.

2This work is in line with our DA-MSA MT work at (Al-
abdullah et al., 2025) where we examined LLM prompting vs
finetuning for Levantine, Egyptian, and Gulf dialects to MSA
translation.
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7 Limitations

In this work, we only used zero-shot prompting
to generate translations. Future research could ex-
plore human evaluation of translations produced
using alternative prompting strategies, such as
few-shot or chain-of-thought prompting. Addi-
tionally, the human annotation process was time-
consuming. Future work could consider using
LLM-as-a-judge approaches to partially or fully
automate the annotation process. Our work fo-
cused on human evaluation, and we did not in-
vestigate the correlation between human judg-
ment and automatic evaluation metrics, lexicon-
based and neural-embedding based, like BLEU
and BERTScore. We leave that for future work.
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Figure 5: The Arabic version of the Ara-HOPE Annotation Decision Tree. A structured decision tree guiding
annotators through error classification for evaluating DA-MSA translations using the Ara-HOPE framework.
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Figure 6: Structured decision tree guiding annotators through error classification for evaluating DA-MSA transla-
tions using the Ara-HOPE framework.
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Figure 7: The annotation guidelines provided to human annotators explain each error type with illustrative examples,
assisting them in using the Ara-HOPE Annotation Decision Tree.
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