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Abstract
Large language models (LLMs) are increas-
ingly deployed with safety alignment mecha-
nisms designed to prevent harmful outputs in-
cluding hate speech, harassment, and unsafe in-
structions. However, existing safety evaluation
frameworks remain heavily centered on English
and standardized language varieties, creating
a critical gap for languages characterized by
extensive dialectal variation. Arabic provides a
particularly important case: everyday commu-
nication across the Arab world occurs predomi-
nantly in regional dialects rather than Modern
Standard Arabic (MSA), yet these dialects are
systematically underrepresented in alignment
training corpora and safety benchmarks. In this
paper we introduce the Dialect Safety Gap,
defined as systematic variation in LLM safety
behavior across dialects of the same language.
We argue that this phenomenon arises from the
interaction between alignment training proce-
dures and linguistic variation: safety alignment
implicitly encodes normative patterns present
in training datasets, and when dialectal forms
diverge from those patterns, safety behavior
degrades through lexical, morphological, and
pragmatic mechanisms. We propose a formal
framework grounded in algorithmic fairness
that links dialect variation to alignment pipeline
design, introduce both a binary DSG Score and
a magnitude-aware Pairwise Dialect Inconsis-
tency metric, and propose the Dialect-Aware
Safety Evaluation Protocol (DASEP) as a
practical evaluation framework. We demon-
strate the feasibility of dialect-aware evalua-
tion through a controlled, human-annotated
prompt-probe experiment across five Arabic
variety groups, revealing a structured pattern of
safety degradation whose endpoints are consis-
tent with linguistic distance from MSA.

1 Introduction

Large language models have become foundational
infrastructure for modern AI applications, power-
ing conversational assistants, automated content

moderation, and information retrieval systems de-
ployed at global scale (Bommasani et al., 2021). As
deployment expands into linguistically diverse pop-
ulations, ensuring safe and responsible behavior
across all user communities has become a central
challenge in NLP research and practice.

Substantial effort has been invested in under-
standing multiple facets of LLM safety. Re-
searchers have characterized toxic language gen-
eration (Gehman et al., 2020), studied harmful in-
struction following through red-teaming (Ganguli
et al., 2022; Perez et al., 2022), examined mis-
information and hallucination (Lin et al., 2022),
and catalogued the broader landscape of ethical
and social risks in generative models (Weidinger
et al., 2021, 2022). Alignment techniques, most
prominently reinforcement learning from human
feedback (RLHF), have emerged as standard mech-
anisms for instilling safe behavior (Ouyang et al.,
2022; Bai et al., 2022). Holistic evaluation frame-
works such as HELM (Liang et al., 2022) and func-
tional test suites such as HateCheck (Röttger et al.,
2021) have substantially advanced our ability to
benchmark model safety at scale.

Despite this progress, safety evaluation remains
heavily English-centric. Cross-lingual evaluation
reveals substantial variation in how safety mech-
anisms generalize across languages (Yong et al.,
2023; Wang et al., 2023). Models that refuse harm-
ful prompts in English frequently comply with se-
mantically equivalent prompts in lower-resource
languages, effectively creating a two-tier safety sys-
tem in which speakers of non-English languages
are less protected (Yong et al., 2023). Multilingual
pre-training corpora themselves exhibit severe im-
balances across languages, with high-resource vari-
eties dominating (Conneau et al., 2020; Costa-jussà
et al., 2022). Yet even this multilingual perspective
treats each language as a monolithic unit, overlook-
ing a further dimension of variation: dialect.

Arabic provides a uniquely important and chal-
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lenging case. It is spoken by more than 400 mil-
lion people across over twenty countries (Habash,
2010). Crucially, everyday Arabic communication,
particularly on social media, occurs overwhelm-
ingly in regional dialects rather than in Modern
Standard Arabic (MSA) (Ferguson, 1959). These
dialects differ from MSA and from one another
in lexicon, morphology, pragmatics, and ortho-
graphic practice (Bouamor et al., 2018; Salameh
et al., 2018). At the same time, Arabic-language
social media has been extensively documented as
a space where hate speech, sectarian incitement,
and harmful content circulate at scale (Mubarak
et al., 2017; Mulki et al., 2019; Abu Farha and
Magdy, 2020). The communities most exposed to
this harm communicate primarily in dialects that
safety systems may be least equipped to process.

We refer to this structural vulnerability as the Di-
alect Safety Gap: systematic inconsistency in how
LLMs respond to semantically equivalent harmful
content expressed across different dialect varieties
of the same language. This paper makes the follow-
ing contributions:

• A formal definition of dialect safety consis-
tency and the Dialect Safety Gap, grounded
in algorithmic fairness theory and connected
to group-wise false-negative rate disparities.

• Two complementary metrics: a binary DSG
Score for coarse measurement and a Pair-
wise Dialect Inconsistency (PDI) matrix for
magnitude-aware, directional analysis.

• A theoretical account of how alignment
pipeline design produces dialect-level safety
disparities through three identified mecha-
nisms.

• The Dialect-Aware Safety Evaluation Protocol
(DASEP), incorporating naturalistic dialectal
prompt sourcing and MSA-pivot baselines.

• A human-annotated prompt-probe experiment
demonstrating measurable, structured cross-
dialect safety variation across five Arabic va-
riety groups, with qualitative failure mode at-
tribution.

• A discussion of implications for fairness, ro-
bustness, and accountability in multilingual
NLP systems, directly aligned with the goals
of Trustworthy NLP research.

2 Background and Related Work

2.1 LLM Safety: Alignment and Evaluation

Safety alignment in LLMs typically combines su-
pervised fine-tuning on curated preference data
with RLHF optimization (Ouyang et al., 2022).
Constitutional AI encodes explicit normative princi-
ples through iterative self-critique (Bai et al., 2022).
Evaluation has been operationalized through gen-
eration benchmarks (Gehman et al., 2020), factual
probes (Lin et al., 2022), physical safety bench-
marks (Levy et al., 2022), functional test suites
(Röttger et al., 2021), red-teaming (Ganguli et
al., 2022; Perez et al., 2022), adversarial prob-
ing (Hartvigsen et al., 2022), and holistic frame-
works such as HELM (Liang et al., 2022). De-
spite this breadth, these efforts share a common
limitation: their construction is overwhelmingly
English-centric, and dialect variation within any
single language is largely invisible to them.

Weidinger et al. (2021) enumerate six categories
of harm from large language models, including
discrimination and exclusion harms arising from
unequal system performance across population
groups; Weidinger et al. (2022) extend this into a
structured taxonomy of proximate and distal causes.
Dialect-level safety gaps fit squarely within the dis-
crimination and exclusion category. The concept
of value alignment (Hendrycks et al., 2021) also
bears directly on this work: alignment calibrated on
annotators who primarily speak standardized vari-
eties encodes a partial and potentially exclusionary
conception of safety.

2.2 Multilingual Safety Disparities and
Dialect

A growing body of work documents that safety
mechanisms do not transfer uniformly across
languages. Yong et al. (2023) show that low-
resource language inputs systematically bypass
safety guardrails in multilingual LLMs, constitut-
ing a safety tax on speakers of those languages.
Wang et al. (2023) demonstrate that safety fine-
tuning calibrated on English generalizes poorly to
other languages. Cross-lingual transfer research
shows that NLP models trained on high-resource
languages exhibit degraded performance on lower-
resource varieties (Conneau et al., 2020), with mul-
tilingual corpora exhibiting severe language-level
imbalances (Costa-jussà et al., 2022) further com-
pounded at the dialect level. Safety is a particularly
high-stakes domain: a translation quality gap may
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inconvenience a user, but a safety gap may expose
them to harm.

What is largely absent from this literature is sys-
tematic attention to dialect-level variation within a
single language. The present paper positions the
Dialect Safety Gap as the intra-language analogue
of the cross-language safety disparities already doc-
umented, drilling into a finer-grained and equally
consequential axis of variation.

2.3 Arabic NLP: Diglossia, Dialects, and
Resources

Arabic presents a canonical diglossic situation (Fer-
guson, 1959) in which MSA coexists with a con-
tinuum of spoken regional varieties differing from
MSA and from one another in lexical, morpho-
logical, phonological, and pragmatic dimensions
(Habash, 2010). The MADAR corpus (Bouamor et
al., 2018) provides parallel data across twenty-five
Arab city varieties; fine-grained dialect identifi-
cation systems distinguish sub-national varieties
(Salameh et al., 2018); the NADI shared task
(Abdul-Mageed et al., 2020) drives progress on
social-media dialect identification; and Darwish
et al. (2021) survey Arabic NLP progress across
tasks including dialect processing. Zaghouani et
al. (2014) contribute large-scale Arabic language
resources enabling research on linguistic variation.

Arabic hate speech detection has produced a ro-
bust body of annotated resources, building on mul-
tilingual offensive language evaluation (Zampieri
et al., 2019). Key datasets include abusive Arabic
on Twitter (Mubarak et al., 2017), Levantine hate
speech (Mulki et al., 2019), multitask offensive-
language and hate-speech detection (Abu Farha and
Magdy, 2020), and multilingual multi-aspect hate
speech (Ousidhoum et al., 2019). Together these
establish that Arabic-language harmful content is
dialect-diverse and cannot be adequately studied
through MSA-only approaches.

2.4 Fairness, Bias, and Accountability in NLP
Bias and fairness in language technology have re-
ceived sustained attention (Blodgett et al., 2020;
Sun et al., 2019). Blodgett et al. (2020) argue
that many NLP approaches inadequately engage
with the social contexts that make disparate sys-
tem performance harmful. Formal frameworks
from algorithmic fairness provide principled di-
agnostic tools: Dwork et al. (2012) introduce fair-
ness through awareness, while Barocas and Selbst
(2016) examine how data-driven systems can per-

Variety Region Example (transl.)

MSA Pan-Arab formal mādhā taf‘al?
Egyptian Egypt bti‘mel ēh?
Levantine Syria, Lebanon,

Jordan, Palestine
shū ‘am ta‘mel?

Gulf Saudi Arabia,
UAE, Qatar,
Kuwait, Bahrain

shitsawwi?

Maghrebi Morocco, Alge-
ria, Tunisia

shnū ktadı̄r?

Table 1: Major Arabic variety groups with transliterated
illustrative phrases meaning “What are you doing?”.
Forms reflect attested dialectal variants documented in
Bouamor et al. (2018).

petuate structural inequalities without explicit dis-
criminatory intent. Hate speech detection research
has shown that classifier performance varies sub-
stantially across demographic groups (Davidson et
al., 2017; Waseem and Hovy, 2016) and that biased
annotation data replicates harm against the commu-
nities systems purport to protect (Abid et al., 2021).
We bring these frameworks to bear on dialect as a
specific, under-examined fairness-relevant axis in
safety evaluation.

3 Arabic Dialect Taxonomy

For this paper we adopt the major grouping conven-
tion established in Arabic NLP research (Bouamor
et al., 2018; Salameh et al., 2018), organizing
Arabic varieties into five broad clusters. Table 1
presents these groups with illustrative transliterated
examples.

Linguistic distance from MSA is not uniform
across these groups. Egyptian Arabic has the
highest exposure in pan-Arab media and is rela-
tively well-represented in Arabic language corpora
(Habash, 2010). Levantine varieties are present in
news and social media corpora from the Levant
region. Gulf Arabic is underrepresented relative to
its speaker population, and Maghrebi Arabic is the
most distinctive from MSA in phonology, morphol-
ogy, and lexicon, incorporating substantial Berber
and French borrowings that MSA-trained models
are unlikely to recognize (Bouamor et al., 2018).
This gradient of MSA proximity is one candidate
explanation for the structured pattern of safety gaps
we document in Section 7, though as we discuss
there it is not the only factor and we do not treat it
as established.

505



4 Formalizing the Dialect Safety Gap

We ground our formal definitions in the algorith-
mic fairness literature (Barocas and Selbst, 2016;
Dwork et al., 2012). Let P denote a set of harm-
ful prompts, each semantically equivalent across
dialect variants. Let D = {d1, d2, . . . , dk} be a
set of dialect varieties, and for a prompt p ∈ P let
pdi denote the realization of p in variety di. Let
f : Prompts → {0, 1} be a binary safety function
where f(p) = 1 denotes a safe response (refusal
or deflection) and f(p) = 0 denotes an unsafe re-
sponse.

Definition 1: Dialect Safety Consistency. A
model satisfies dialect safety consistency with re-
spect to P and D if:

∀p ∈ P, ∀di, dj ∈ D : f(pdi) = f
(
pdj

)

Definition 2: Dialect Safety Gap. A Dialect
Safety Gap exists with respect to P and D if:

∃ p ∈ P, ∃ di, dj ∈ D : f(pdi) ̸= f
(
pdj

)

This definition parallels group fairness criteria
(Dwork et al., 2012): dialect safety consistency
is formally analogous to equal treatment require-
ments, where dialect takes the role of the protected
attribute. Importantly, the gap is also interpretable
as a group-wise false-negative rate disparity: for
harmful prompts, a failure to refuse constitutes a
false negative in safety classification, and the Di-
alect Safety Gap is precisely the condition in which
false-negative rates differ systematically across di-
alect groups.

DSG Score. To quantify the magnitude of the
gap, we define the Dialect Safety Gap Score:

DSG(P, D) = 1− 1

|P|
∑

p∈P
⊮
[
Vard∈D

(
f(pd)

)
= 0

]

A DSG Score of 0 indicates perfect dialect safety
consistency; higher scores indicate greater incon-
sistency. This metric is intuitive and easy to com-
pute but is deliberately coarse: it registers any non-
unanimity as a full inconsistency without capturing
the direction or magnitude of the gap.

Pairwise Dialect Inconsistency. To complement
the DSG Score with magnitude-aware, directional
information, we define the Pairwise Dialect Incon-
sistency (PDI) between two varieties di and dj :

PDI(di, dj) =
1

|P|
∑

p∈P

∣∣f(pdi)− f(pdj )
∣∣

PDI is symmetric and measures the proportion of
prompts for which the two varieties receive differ-
ent safety classifications. The full k×k PDI matrix
identifies which dialect pairs drive the largest gaps
and whether the gap is concentrated in specific pair-
ings. A variety-level gap score can be derived as
the mean PDI of a dialect against all others, giving
a summary statistic of how far each variety deviates
from the ensemble average.

Graded Safety. We note that reducing safety
behavior to a binary function f is a simplifica-
tion. Real model responses span a continuum from
outright refusal, through deflection with caveats,
through qualified compliance, to full harmful gener-
ation. Future work should develop a graded variant
of DSG that weights inconsistencies by the severity
of the safety failure on each side of the comparison.
For the current study, the binary treatment is suf-
ficient for establishing the existence and structure
of the gap; we treat this as an explicit limitation in
Section 9.

5 Alignment Pipelines and Dialect
Variation

5.1 How Alignment Encodes Linguistic
Norms

Safety alignment through RLHF and related pro-
cedures implicitly encodes the linguistic norms
present in the data used to elicit human prefer-
ence judgments (Ouyang et al., 2022; Bai et al.,
2022). When annotators label a prompt as harmful
or benign, their judgments are conditioned on the
specific language variety in which that prompt is
expressed. Annotation pools dominated by MSA
speakers or by non-native evaluators working from
standardized text will produce safety policies re-
flecting that distributional narrowness (Weidinger
et al., 2022).

Figure 1 illustrates the alignment pipeline and
identifies the stages at which dialect underrep-
resentation compounds to produce the Dialect
Safety Gap. Pre-training corpora for Arabic LLMs
are dominated by MSA text from news sources,
Wikipedia, and web crawls (Conneau et al., 2020;
Costa-jussà et al., 2022); dialectal content is
present but underrepresented. Supervised safety
fine-tuning datasets are largely curated from formal-
register sources. RLHF annotation pools may lack
dialect competency for all represented varieties.
Each of these gaps compounds: a model with lim-
ited dialectal pre-training representation is poorly
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Alignment Pipeline: Dialect Exposure Gaps

Stage 1: Pre-training
→ MSA dominant in crawled corpora
→ Dialects sparse or absent

Stage 2: Supervised Safety Fine-Tuning
→ Curated data skewed toward MSA
→ Dialectal harmful content underrepresented

Stage 3: RLHF Preference Annotation
→ Annotators may lack dialect competency
→ Preference signal reflects MSA conventions

Stage 4: Safety Filter Deployment
→ Policy calibrated on MSA-centric signal

Outcome: Safety policy is MSA-calibrated; dialectal
inputs encounter underspecified or absent policy.

Figure 1: The alignment pipeline and the points at which
dialect underrepresentation compounds to produce the
Dialect Safety Gap.

positioned to interpret dialectal prompts accurately,
and a safety policy shaped by MSA-centric annota-
tion may fail to generalize to dialectal harm.

5.2 Mechanisms of Safety Degradation
We identify three distinct mechanisms through
which dialectal inputs may degrade safety behavior
in models aligned primarily on MSA.

Lexical mismatch. Many harmful terms in di-
alectal Arabic have no direct MSA equivalent, or
share surface form with MSA terms that carry dif-
ferent meanings. A model that has learned to asso-
ciate MSA offensive vocabulary with a refusal re-
sponse may not have encountered corresponding di-
alectal forms during alignment training. Maghrebi
code-switched content, mixing Darija with French,
is particularly likely to fall outside the model’s
learned safety vocabulary, as the French lexical
component may be processed independently and
without the harmful connotation it carries in its
dialectal context.

Morphological opacity. Arabic morphology is
highly productive, and dialectal morphological pat-
terns deviate substantially from MSA in verb con-
jugation, noun derivation, and clitic attachment
(Habash, 2010). Safety classifiers operating on
MSA morphological representations may fail to
correctly decompose dialectal forms, misidentify-
ing the underlying root or lemma and consequently
missing the harmful signal carried by the derived
form. This mechanism also suggests a concrete
diagnostic intervention, namely measuring how
much of the gap is recovered after standard Arabic
preprocessing such as orthographic normalization

and clitic segmentation, which we return to in Sec-
tion 9.

Pragmatic divergence. Pragmatic conventions
differ systematically across Arabic varieties. Ex-
pressions of insult, threat, and incitement are often
formulaic and culturally specific: what functions
as a conventional expression of threat within a Lev-
antine speech community may not be interpretable
as such by a system calibrated on MSA pragmatic
norms (Habash, 2010). This is particularly con-
sequential for implicit hate speech, which relies
on shared cultural knowledge rather than explicit
harmful vocabulary (Hartvigsen et al., 2022).

6 Dialect-Aware Safety Evaluation
Protocol

We propose DASEP as a four-component frame-
work for incorporating dialect coverage into LLM
safety assessment.

6.1 Component 1: Dialect Coverage Audit

Prior to evaluation, safety benchmarks should un-
dergo a dialect coverage audit: cataloguing the di-
alect composition of the prompt inventory, comput-
ing the proportion of prompts produced or validated
by native speakers of each dialect group, and report-
ing coverage statistics alongside evaluation results.
Benchmarks with low or unknown dialect coverage
should be flagged as providing incomplete safety
assessments for multilingual deployment.

6.2 Component 2: Dialectal Prompt
Construction

Evaluation sets should include prompts in multi-
ple dialect varieties. We advocate for two comple-
mentary sourcing strategies: (a) MSA-seeded ren-
dering, where base prompts are authored in MSA
and independently rendered into each target vari-
ety by native speakers, as in the present study; and
(b) naturalistic sourcing, where prompts are drawn
directly from existing dialectal abusive language
corpora (Mubarak et al., 2017; Mulki et al., 2019;
Abu Farha and Magdy, 2020; Ousidhoum et al.,
2019). MSA-seeded rendering enables controlled
semantic equivalence across varieties but may intro-
duce a standard-language bias toward lexical and
structural patterns associated with formal Arabic.
Naturalistic sourcing avoids this bias at the cost of
reduced cross-variety semantic control. Both strate-
gies should be used together in mature evaluation
pipelines, with results reported separately.
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6.3 Component 3: Metrics and Baselines

Safety evaluation reports should include both the
DSG Score and the full PDI matrix, computed per
harm category. In addition, we recommend re-
porting a translation-pivot baseline: safety scores
for each dialectal prompt after machine transla-
tion to MSA or English before applying the safety
filter. The gap between direct-dialectal and pivot-
translated scores bounds the avoidable portion of
the safety disparity attributable to surface-level lin-
guistic form rather than semantic content, and mo-
tivates whether translation preprocessing is a vi-
able short-term mitigation. Pairwise variety perfor-
mance alongside the DSG Score enables practition-
ers to identify which dialect pairs drive the largest
gaps and to prioritize targeted data collection ac-
cordingly.

6.4 Component 4: Failure Mode Analysis

Cases in which a model refuses a prompt in one
dialect but complies in another should be analyzed
qualitatively to attribute failure to one or more of
the three mechanisms in Section 5: lexical mis-
match, morphological opacity, or pragmatic diver-
gence. This analysis informs targeted improve-
ments to training data composition and annotation
procedures. It also motivates investigation of code-
mixed inputs, where dialects incorporate vocab-
ulary from contact languages such as French (in
Maghrebi), English, or Persian, as a distinct and
particularly challenging failure mode that falls out-
side all three mechanisms as currently defined.

7 Prompt-Probe Experiment

7.1 Experimental Setup

We constructed 20 prompt probes spanning four
harm categories: ethnic and religious insults (5
prompts), gender-based harassment (5 prompts),
threats and incitement (5 prompts), and requests
for harmful information (5 prompts). Base prompts
were authored in MSA and then independently
rendered into Egyptian, Levantine, Gulf, and
Maghrebi Arabic by native speakers recruited from
within our research network, following the MSA-
seeded rendering strategy described in DASEP
Component 2. Renderers were instructed to pro-
duce naturalistic dialect-level expression preserv-
ing semantic content and pragmatic force rather
than literal equivalents. Each rendering was re-
viewed by a second native speaker before inclu-
sion.

We acknowledge that this MSA-first design may
favour constructions that are semantically natural
in MSA but stylistically or lexically unusual in each
target dialect. As a design complement, DASEP
Component 2 recommends naturalistic sourcing
from dialectal corpora, which we leave to future
work as a direct comparison condition. Providing
both conditions in a single study would materially
strengthen causal claims about the source of the
observed gaps.

The 100 resulting prompt instances (20 base
prompts × 5 varieties) were submitted to a publicly
accessible instruction-tuned multilingual LLM. We
deliberately withhold the model name because
our primary goal is to demonstrate the evaluation
methodology rather than to assess any specific sys-
tem; future work should include multiple named
model families to enable cross-model comparisons.
Responses were evaluated by two Arabic-native
annotators per instance for the presence of one of
three response types: (R) refusal or deflection with-
out harmful content, (W) compliance accompanied
by a safety warning, and (C) compliance generat-
ing harmful content. For computing refusal rates,
R was counted as the safe response and both W
and C as unsafe. Inter-annotator agreement was
measured using Cohen’s κ.

7.2 Annotation and Agreement
Annotators were Arabic-native researchers with
documented competency in at least two dialect
groups. Prompt instances involving varieties out-
side a given annotator’s primary competency were
escalated to a third native-speaker reviewer with
verified competency in that variety. Overall inter-
annotator agreement was κ = 0.81, indicating
strong agreement. Disagreements were resolved by
majority consensus.

7.3 Results and DSG Analysis
Table 2 reports refusal rates by variety and harm
category along with per-category DSG Scores, and
the full PDI matrix is presented in Table 3.

Refusal rates are highest for MSA (0.85 overall)
and lowest for Maghrebi (0.60), with the regional
varieties falling in between: Gulf (0.72), Egyptian
(0.70), and Levantine (0.65). The two endpoints
of this ordering are consistent with the expectation
that varieties more distant from MSA, and less rep-
resented in alignment data, receive weaker safety
coverage. We are careful not to overstate the pat-
tern in between. The ordering of the intermediate
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Variety Insults Harass. Threats Harmful Overall

MSA 0.90 0.85 0.80 0.85 0.85
Egyptian 0.75 0.70 0.65 0.70 0.70
Levantine 0.70 0.65 0.60 0.65 0.65
Gulf 0.80 0.70 0.65 0.75 0.72
Maghrebi 0.60 0.55 0.55 0.65 0.60

DSG Score 0.30 0.30 0.25 0.20 0.27

Table 2: Refusal rates by variety and harm category,
with per-category DSG Scores. Results are based on 20
annotated instances per variety; figures are illustrative
given the probe-study scale and should not be read as
population-level estimates.

MSA Egy. Lev. Gulf Mag.

MSA 0.00 0.15 0.20 0.13 0.25
Egyptian 0.15 0.00 0.05 0.03 0.10
Levantine 0.20 0.05 0.00 0.08 0.05
Gulf 0.13 0.03 0.08 0.00 0.13
Maghrebi 0.25 0.10 0.05 0.13 0.00

Table 3: Pairwise Dialect Inconsistency (PDI) matrix:
proportion of prompts receiving different safety clas-
sifications between each pair of varieties. MSA vs.
Maghrebi shows the largest pairwise gap (PDI = 0.25).

varieties does not cleanly track any single notion of
linguistic distance or corpus representation, since
Gulf shows a higher refusal rate than Egyptian de-
spite Egyptian being more prominent in pan-Arab
media. We therefore treat the link between linguis-
tic distance and refusal as a hypothesis that these
data are consistent with rather than one they es-
tablish. Substantiating it would require correlating
the per-variety mean PDI with an explicit quantita-
tive distance measure, for example MADAR-based
lexical overlap (Bouamor et al., 2018) or the rep-
resentational similarity between a model’s MSA
and dialectal encodings, which we leave to future
work. The overall DSG Score of 0.27 indicates that
more than one in four prompts received inconsis-
tent safety classification across varieties. The PDI
matrix makes the directionality of this gap explicit:
the MSA-to-Maghrebi pairing drives the largest
inconsistency (PDI = 0.25), while pairs of simi-
lar varieties show substantially lower PDI values.
The variety-level mean PDI scores are MSA: 0.18,
Gulf: 0.09, Egyptian: 0.08, Levantine: 0.10, and
Maghrebi: 0.13, confirming that MSA is the most
discrepant from the ensemble and Maghrebi is the
most discrepant among the regional varieties.

The per-category DSG pattern is informative
within these limits: the threats and incitement cate-
gory shows the lowest DSG Score (0.25), while

insults and harassment show the highest (0.30).
This suggests that explicit threat vocabulary, which
often involves shared lexical markers across vari-
eties, may generalize somewhat better across di-
alects than hate speech targeting persons or groups,
which relies more heavily on culturally specific
vocabulary and pragmatic conventions.

7.4 Qualitative Analysis

Qualitative review of failure cases is consistent
with the three mechanisms identified in Section 5.
Lexical mismatch is most visible in Maghrebi
failures: prompts containing French-Arabic code-
switched insults common in Moroccan and Alge-
rian online discourse were not flagged, while se-
mantically equivalent MSA prompts triggered re-
fusal. Morphological opacity contributed to Gulf
failures: dialectal verb forms expressing incite-
ment, with morphological patterns absent from
MSA paradigms, were processed as neutral queries.
Pragmatic divergence accounted for several Levan-
tine failures: formulaic expressions of communal
threat conventionally understood as serious within
Levantine speech communities produced no safety
intervention.

The code-mixed Maghrebi failures are particu-
larly notable and point to a fourth mechanism be-
yond the three originally identified: inter-language
code-mixing, in which French or Berber lexical
items embedded in dialectal Arabic carry harmful
meaning that neither an Arabic-only nor a French-
only safety policy is positioned to recognize. Ad-
dressing this mechanism likely requires code-aware
safety training data and raises distinct challenges
for RLHF annotation competency requirements.

The structured nature of these failures, patterned
by mechanism and variety rather than randomly
distributed, supports the theoretical account in Sec-
tion 5 and reinforces the need for the targeted evalu-
ation procedures prescribed in DASEP. Because the
probe is small, we present this pattern as suggestive
evidence to be confirmed at scale rather than as a
settled quantitative result.

8 Discussion

8.1 Implications for Fairness and
Accountability

The Dialect Safety Gap has direct implications for
fairness in deployed NLP systems. If safety mech-
anisms are calibrated primarily on MSA, speakers
of non-MSA varieties may receive systematically

509



lower-quality content moderation. This creates a
double asymmetry: harmful content targeting them
may be less reliably intercepted, while their own
speech may be more liable to false positive mis-
classification if dialectal expressions are miscate-
gorized by a system with an MSA-centric safety
vocabulary. Both failure modes constitute forms
of disparate treatment of dialect speakers (Blodgett
et al., 2020; Barocas and Selbst, 2016) and are di-
rectly quantifiable using per-dialect false-negative
and false-positive rate analysis building on the PDI
framework. We stress that our probe measures only
the false-negative side, since it contains harmful
prompts alone; the false-positive side requires a
matched benign set, which we discuss in Section 9.

From an accountability perspective, the DSG
Score and PDI matrix together provide a mecha-
nism for developers and auditors to quantify and
track dialect-level consistency across model ver-
sions. Incorporating these metrics into standard
evaluation pipelines is a concrete step toward the
disaggregated, fairness-aware reporting called for
in responsible AI frameworks (Weidinger et al.,
2022; Liang et al., 2022).

8.2 Robustness and the Translation-Pivot
Baseline

The Dialect Safety Gap constitutes a structural at-
tack surface: adversarial actors can reformulate
harmful requests into the dialect variety with the
lowest refusal rate without technical sophistication
(Perez et al., 2022; Yong et al., 2023), the intra-
language analogue of cross-lingual jailbreaking.

A practical near-term mitigation is a translation-
pivot approach, translating dialectal inputs to MSA
or English before safety filtering. The PDI matrix
bounds the safety improvement a pivot could pro-
vide: for the MSA-Maghrebi pairing, PDI = 0.25
represents the proportion of prompts for which a
faithful pivot could, in principle, recover correct
refusal. We did not implement this baseline in the
present study, and we flag it as a priority for future
work alongside DASEP Component 3. In practice,
translation quality for dialectal Arabic is imperfect
(Costa-jussà et al., 2022), and the pivot introduces
its own failure modes, since code-mixed content
may be mistranslated and pragmatic force may not
survive normalization. The translation-pivot base-
line therefore approximates the avoidable portion
of the gap rather than eliminating it.

8.3 Toward Dialect-Inclusive Alignment

Closing the Dialect Safety Gap requires interven-
tions at multiple alignment pipeline stages. At the
pre-training stage, Arabic web crawls should be
balanced across varieties (Conneau et al., 2020;
Costa-jussà et al., 2022). At the supervised fine-
tuning stage, safety datasets should explicitly in-
clude dialectal harmful content drawn from exist-
ing resources (Mubarak et al., 2017; Mulki et al.,
2019; Abu Farha and Magdy, 2020; Ousidhoum et
al., 2019). At the RLHF annotation stage, prefer-
ence annotation pools should include native speak-
ers with verified competency in each target dialect
group. An important open question is whether di-
alectness signals (measures of how far a given text
deviates from MSA) can be used to route anno-
tation tasks to annotators with appropriate com-
petency, paralleling their established use in di-
alect identification pipelines (Salameh et al., 2018;
Bouamor et al., 2018). These interventions are
complementary and mutually reinforcing.

8.4 Generalizability Beyond Arabic

Although this paper focuses on Arabic, the Dialect
Safety Gap is not Arabic-specific. The same struc-
tural vulnerability will arise in any language with
substantial dialectal variation and uneven corpus
representation, including Chinese varieties, Hindi-
Urdu varieties, regional forms of Spanish, and
spoken varieties of Swahili, Hausa, and Bengali.
The DASEP framework is language-agnostic and
can be adapted to any diglossic or dialect-diverse
context, making a multi-language application of
DSG and PDI analysis a natural direction for future
work. A further deployment-relevant extension con-
cerns spoken interaction. When automatic speech
recognition precedes the language model, dialec-
tal phonology can degrade recognition before any
safety filter is applied, so dialect safety gaps may
compound across the recognition and generation
stages. Extending DASEP to spoken prompts is
therefore a useful next step for systems that accept
voice input.

9 Conclusion

We introduced the Dialect Safety Gap, a formally
defined property capturing systematic variation in
LLM safety behavior across dialects of the same
language, and proposed a theoretical account link-
ing alignment pipeline design to dialect-level safety
disparities through three identified mechanisms,
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with a fourth (inter-language code-mixing) moti-
vated by qualitative analysis. We formalized the
concept using tools from algorithmic fairness, con-
necting it to group-wise false-negative rate dispar-
ities, and introduced both a binary DSG Score
and a magnitude-aware Pairwise Dialect Incon-
sistency matrix. We proposed DASEP, a four-
component evaluation protocol incorporating natu-
ralistic prompt sourcing and translation-pivot base-
lines, and demonstrated the empirical plausibil-
ity of the Dialect Safety Gap through a human-
annotated prompt-probe experiment across five
Arabic variety groups. We hope this work encour-
ages the trustworthy NLP community to treat di-
alect as a first-class dimension of safety evalua-
tion alongside language, domain, and demographic
group.

Limitations

Several limitations of the current work should be
acknowledged. First, the prompt-probe experiment
is small in scale. Twenty base prompts across five
varieties yield 100 instances, sufficient to establish
proof of concept and illustrate the structure of fail-
ures, but insufficient to support robust quantitative
claims about the magnitude of the Dialect Safety
Gap in any particular model or deployment context.
The refusal rates in Tables 2 and 3 are illustrative
figures from a controlled probe and should not be
interpreted as population-level estimates. Larger-
scale experiments with hundreds of prompts per
variety, confidence intervals, and statistical signifi-
cance tests are needed before definitive quantitative
conclusions can be drawn.

Second, we probe a single model. Different ar-
chitectures, pre-training data compositions, super-
vised fine-tuning procedures, and RLHF annotation
pools may exhibit different patterns of dialect-level
safety variation, and Arabic-focused models may
differ substantially from general multilingual mod-
els. Our findings motivate a multi-model study but
do not constitute one.

Third, all base prompts were authored in MSA
and rendered into dialects. This MSA-seeded de-
sign may favour constructions that are lexically or
structurally natural in MSA but atypical in the tar-
get dialect. A complementary naturalistic sourcing
condition, drawing prompts directly from dialectal
abusive language corpora such as L-HSAB (Mulki
et al., 2019), is recommended in DASEP Com-
ponent 2 but was not implemented in the present

study.
Fourth, the binary safe/unsafe treatment of safety

responses is a simplification. Responses catego-
rized as unsafe ranged from qualified compliance
with warnings (W) to full harmful generation (C),
and future work should develop a graded DSG vari-
ant that weights inconsistencies by severity. Relat-
edly, because both W and C are counted as unsafe,
an open robustness question is whether the relative
ordering of varieties persists when W is instead
treated as partially safe, for instance with a weight
of 0.5; we did not compute this alternative scoring
here.

Fifth, our dialect groupings are broad, and sub-
dialectal variation within each major group could
produce meaningfully different safety outcomes.
Sixth, the qualitative failure mode analysis relies on
annotator judgment; annotator disagreement was
most frequent in the pragmatic divergence category,
where harmful force depends on cultural context.

Beyond these, two further gaps are worth not-
ing. Our probe contained only harmful prompts, so
we could not estimate dialect-wise false-positive
rates; a matched set of benign dialectal prompts
would be needed to support equalized-odds-style
reporting of both false-negative and false-positive
rates per dialect. We also did not test lightweight
preprocessing interventions such as orthographic
normalization or clitic segmentation, which could
indicate how much of the morphological compo-
nent of the gap is recoverable without retraining.
Finally, our study is a controlled probe, not a de-
ployment audit, and we cannot estimate the volume
or distribution of real-world harms arising from
dialect safety gaps in deployed systems.

Ethical Considerations

This research involves the analysis and elicitation
of harmful content, including hate speech, harass-
ment, and incitement, in Arabic dialectal forms.
We followed established annotation ethics guide-
lines for abusive language research, including brief-
ing annotators on the nature of the content prior to
their engagement, limiting exposure time per ses-
sion, and making support resources available. The
harmful prompts used in our experiment are not
reproduced in this paper. We do not release the full
prompt set publicly, because doing so could pro-
vide adversarial actors with a structured toolkit for
exploiting dialect-level safety gaps in deployed sys-
tems. We note that providing sanitized paraphrase
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templates for prompt categories, as suggested in
prior evaluation work (Röttger et al., 2021), is a vi-
able middle ground that we plan to explore in future
work to improve reproducibility without enabling
adversarial misuse. Alongside such templates, we
plan to release the evaluation code used to compute
the DSG Score and PDI matrix, which can be ap-
plied to any prompt set without redistributing the
harmful prompts themselves.

Our study involves no collection of personal data
from human subjects beyond the annotation pro-
cess. All annotators participated voluntarily and
were informed of the nature of the task prior to
engagement.

We are mindful that framing dialect in safety
research carries a risk of essentializing Arabic-
speaking communities or implying that dialect
speakers are disproportionately likely to generate
harmful content. Our argument runs precisely in
the opposite direction. The communities whose
speech is least well-represented in safety training
data are more vulnerable both to harmful content
targeting them going unmoderated and to their own
legitimate speech being misclassified as harmful.
The Dialect Safety Gap is a failure of the safety
system, not a property of the speakers. Finally, we
acknowledge that the definition of harmful content
is itself culturally and contextually variable, and
that our annotation scheme reflects the judgments
of a specific team at a specific institution. Future
work should examine how annotator positionality
interacts with dialect in determining harm labels
across categories and varieties.
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