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Figure 1: Geographic distribution of Alexandria project participants by city across the Arab world. Point diameter
is proportional to participant volume. Representative examples (abbreviated to two-turn interactions) are provided
to demonstrate the dataset’s coverage across diverse Arabic dialects, domains, and genders.

Abstract

Arabic is a highly diglossic language
where most daily communication occurs
in regional dialects rather than Mod-
ern Standard Arabic (MSA). Despite

this, machine translation (MT) systems
often generalize poorly to dialectal in-
put, limiting their utility for millions of
speakers. We introduce Alexandria, a
large-scale, community-driven, human-
translated dataset designed to bridge this
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gap. Alexandria covers 13 Arab coun-
tries and 11 high-impact domains, in-
cluding health, education, and agricul-
ture. Unlike previous resources, Alexan-
dria provides unprecedented granularity
by associating contributions with city-
of-origin metadata, capturing authentic
local varieties beyond coarse regional
labels. The dataset consists of paral-
lel English-Dialectal Arabic multi-turn
conversational scenarios annotated with
speaker-addressee gender configurations,
enabling the study of gender-conditioned
variation in dialectal use. Comprising
107K total turns, Alexandria serves as
both a training resource and as a rigor-
ous benchmark for evaluating MT and
Large Language Models (LLMs). Our
automatic and human evaluation bench-
marks the current capabilities of Arabic-
aware LLMs in translating across diverse
Arabic dialects and sub-dialects while ex-
posing significant persistent challenges.
The Alexandria dataset, the creation
prompts, the translation and revision
guidelines, and the evaluation code are
publicly available in the following repos-
itory: https://github.com/UBC-NLP/
Alexandria

1 Introduction

Machine translation (MT) has evolved from a com-
putational convenience into a critical infrastruc-
ture for digital inclusion, granting diverse popu-
lations access to information, technology, and ser-
vices. Driven by neural sequence-to-sequence mod-
els and large-scale training data, recent advances
have substantially improved MT quality for many
high-resource language pairs (Tiedemann and Thot-
tingal, 2020; Vaswani et al., 2017; Kocmi et al.,
2025). Within Arabic, research has also made
steady progress on MT involving Modern Stan-
dard Arabic (MSA), the lingua franca used in for-
mal writing and broadcast media in the Arab world
(Alqudsi et al., 2014; Nagoudi et al., 2022). Yet,
a persistent sociolinguistic gap remains: Arabic is
diglossic and most everyday communication oc-
curs in regional spoken dialects (Ferguson, 1959;
Bassiouney, 2020). These dialects can vary widely
across countries and even across cities within the
same country (Abdul-Mageed et al., 2020), with
systematic lexical, morphological, and syntactic

differences (Behnstedt and Woidich, 2013). As
a result, MT systems trained predominantly on
MSA or English-centric resources often general-
ize poorly to dialectal input, missing vernacular
forms and meanings, and thereby limiting the prac-
tical utility of MT systems for millions of Arabic
speakers (Kadaoui et al., 2023; Harrat et al., 2019).

Recent resources aiming to narrow this gap,
most notably PADIC (Meftouh et al., 2015) and
MADAR (Bouamor et al., 2018), remain con-
strained by their design choices and resulting cov-
erage. MADAR is largely organized around travel-
and tourism-oriented expressions, while PADIC
emphasizes controlled collection and standardized
writing practices, improving consistency but limit-
ing naturalistic variation. These choices reduce the
extent to which the datasets reflect locally situated
usage and fine-grained (e.g., address forms condi-
tioned on gender and social distance, or shifts in
register and code choice).

Similar concerns arise even in widely used multi-
lingual evaluation suites such as FLORES+ (Team
et al., 2022), which has recently served as a stan-
dard benchmark for low-resource MT. Prior work
reports issues affecting annotation and translation
quality in FLORES+ (Taguchi et al., 2025). For
Arabic in particular, analyses suggest that some “di-
alect” portions may be overly MSA-leaning (e.g.,
Moroccan Arabic entries reported as essentially
MSA), attenuating the very dialect-specific cues
the benchmark aims to test (Abdulmumin et al.,
2024).

To address this, we introduce Alexandria, a
large-scale, human-translated, community-driven
dataset designed to capture the richness of dialec-
tal Arabic across 11 domains with high social im-
pact, including health, education, agriculture, and
finance. Alexandria includes data from 13 Arab
countries, and associates contributions with city-of-
origin metadata, moving beyond coarse regional la-
bels (e.g., "Levantine", "North African") to support
analyses at finer geographic granularity. Alexan-
dria is the outcome of a community project involv-
ing 55 participants from the 13 Arab countries.
By involving participants tied to specific cities and
local varieties, our collection protocol prioritizes
authentic, localized realizations of dialectal forms
rather than region-level abstractions. The dataset
consists of parallel English-Dialectal Arabic multi-
turn conversational scenarios translated to reflect
locally relevant contexts. Crucially, each turn is ad-
ditionally annotated with speaker-addressee gender
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Dataset # Sentence Pairs / Turns # Dialects (countries) Granularity Src Type Direction # Domains Avg. words Distinct-2 LC CS GD PR

PADIC (Meftouh et al., 2015) 38K 6 Country Sentence Eng ↔ Dialect 1 6.77 0.782 ✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗ ✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗ ✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗ ✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗

MADAR (Bouamor et al., 2018) 100K 13 City Sentence Eng ↔ Dialect 1 5.73 0.768 ✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗ ✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗ ✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗ ✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗

FLORES+ (Team et al., 2022) 16K 9 Country Sentence Eng ↔ Dialect 3 18.39 0.898 ✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗ ✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗ ✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗ ✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗✗

Alexandria (ours) 107K 13 City Multi-turn Eng ↔ Dialect 11 13.23 0.826 ✓✓✓✓✓✓✓✓✓✓✓✓✓✓✓✓✓ ✓✓✓✓✓✓✓✓✓✓✓✓✓✓✓✓✓ ✓✓✓✓✓✓✓✓✓✓✓✓✓✓✓✓✓ ✓✓✓✓✓✓✓✓✓✓✓✓✓✓✓✓✓

Table 1: Comparison of Alexandria against existing parallel datasets for Arabic dialects. (LC = Local Context;
CS = Code-Switching; GD = gender-direction annotations; PR = persona roles).

configuration (e.g., female-to-male), enabling the
study of gender-conditioned variation in dialectal
language use.

Alexandria, comprising 107K total turns
(34, 488 conversations), serves two complemen-
tary uses for the NLP community: (i) Training: It
provides human-translated, domain-diverse conver-
sational data that can be used to train and adapt MT
and dialogue-oriented models toward dialectal Ara-
bic in realistic settings. (ii) Evaluation: It serves as
a benchmark for assessing MT systems and LLM
translators under domain, register variation, and
speaker-addressee gender configuration conditions,
enabling fine-grained analyses of how current mod-
els handle dialectal forms and culturally grounded
references. To the best of our knowledge, Alexan-
dria is the first and largest project of its kind, offer-
ing unprecedented granularity in terms of domains,
gender annotation, register levels, and city-specific
dialectal diversity. By grounding machine transla-
tion in the realistic scenarios of the Arab world, we
aim to make language technology more accessible,
accurate, and culturally inclusive.

2 Related Work

Arabic Diglossia and the MT Gap. Despite sig-
nificant progress in Neural MT, Arabic continues
to struggle with the challenges of diglossia and
data scarcity (Zbib et al., 2012; Sajjad et al., 2020;
Kadaoui et al., 2023). Early parallel corpora remain
limited in scale: PADIC (Meftouh et al., 2015)
provides approximately 6,400 parallel sentences
per dialect across five Maghrebi and Levantine
varieties, while MADAR (Bouamor et al., 2018)
translates 2, 000 sentences into 25 city-specific di-
alects. Even the FLORES+ benchmark (Team et al.,
2022) includes fewer than 1, 000 dev/test sentences
per 9 covered Arabic dialects, leaving many di-
alects underrepresented. Recent efforts, such as
WMT24++ (Deutsch et al., 2025), have introduced
human-written references and post-edits for several
languages, including Egyptian and Saudi Arabic.
Furthermore, existing benchmarks are often lim-
ited by narrow domains, short sentence lengths, and
a lack of context-sensitive translations (Malaysha

et al., 2024; Abdulmumin et al., 2024; Taguchi
et al., 2025). Furthermore, recent work has ad-
dressed gender-aware MT for Arabic (Elaraby et al.,
2018; Alhafni et al., 2022) to mitigate gender bias;
however, these efforts have been limited to MSA.
Our Alexandria dataset addresses these gaps by
providing a large-scale corpus covering 13 Arab
countries and 11 domains, featuring conversation-
based contexts and granular city-level metadata.
Table 1 contrasts Alexandria with existing datasets
across dialect coverage, domain diversity, and an-
notation strategies.

Arabic-Capable LLMs and Evaluation. The
rise of LLMs has shifted research focus toward
adapting models to specific communities to better
reflect their unique linguistic and cultural nuances.
This has prompted the release of several evalua-
tion datasets, such as Palm (Alwajih et al., 2025a),
Pearl (Alwajih et al., 2025b), and AraDice (Mousi
et al., 2025), which assess diverse cultural dimen-
sions and modalities. In terms of modeling, several
methodologies have recently emerged to showcase
the adaptation of LLMs to the Arab world, notably
NileChat (El Mekki et al., 2025) and Fanar (Team
et al., 2025). We position Alexandria as a vital
contribution to this landscape; it serves not only
as a benchmark but also as a powerful tool for the
adaptation of conversational LLMs tailored to the
specific needs of the Arab world.

3 Alexandria Dataset Creation

The Alexandria dataset was created through a six-
month community-driven effort involving 55 team
members (29 women, 26 men)1 from 13 Arab coun-
tries2. Participants were involved to represent local,
city-anchored dialectal varieties; the full list of cov-
ered sub-dialects appears in Table A.2 (Appendix).
Each country team was coordinated by a country
lead, who supported member on-boarding and lo-
calized annotation guideline examples while pre-

1Self-reported; binary categories
2Egypt (EG), Jordan (JO), Lebanon (LB), Libya (LY),

Mauritania (MR), Morocco (MA), Oman (OM), Palestine
(PS), Saudi Arabia (SA), Sudan (SD), Syria (SY), Tunisia
(TN), Yemen (YE).
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Figure 2: The data creation workflow for the Alexandria dataset. The process illustrates three key phases: (i) English
source generation, (ii) human translation into Dialectal Arabic, and (iii) peer-revision and correction.

serving a shared annotation schema across dialects.
We employed a structured coordination process
with weekly checks to ensure consistent progress.
(see Appendix A.2 for project management details).

The dataset consists of turn-aligned parallel
multi-turn conversations between English and di-
alectal Arabic, spanning across 11 domains rele-
vant to public service and everyday life.3 Addition-
ally, conversations are constructed around persona
profiles and include speaker-addressee gender con-
figurations as metadata. Figure 2 illustrates our
workflow for creating Alexandria. In the following
sections, we describe each phase in detail.

3.1 Alexandria English Sources

3.1.1 English Source Generation
To address common limitations in prior dialectal
Arabic MT resources, such as short utterances,
narrow topical coverage, and limited conversa-
tional context (Bouamor et al., 2018), we construct
Alexandria using a controlled source-generation
pipeline. Specifically, we use Gemini-2.5
Pro (Comanici et al., 2025) to generate multi-turn
English conversational scenarios conditioned on
the target country and domain. The process is car-
ried out in two phases to promote topical diversity
and minimize near-duplicate conversations.

3We include domains from the set {Agriculture/Farming,
Commerce/Transactions, Construction/Real Estate, Educa-
tion/Academia, Energy/Resources, Everyday/Social, Health-
care/Medical, Legal/Financial, Logistics/Transportation, Pro-
fessional/Workplace, Tourism/Hospitality}.

Phase 1: Topic Creation. For each country-
domain pair, we use a shared prompt template (with
country- and domain-specific variables) to generate
550 topic specifications spanning diverse personas
and scenarios. Concretely, we first generate 55 sub-
domains and then produce 10 topics per subdomain,
each paired with a persona specification (e.g., role,
speaker/addressee, and gender attributes), yielding
55×10=550 topics per country-domain.

Phase 2: English Conversation Creation.
Given these topic specifications, we prompt
Gemini-2.5 Pro to generate 2-4 turn English dia-
logues conditioned on the target country local cul-
ture and domain. We constrain the model’s genera-
tions to produce spoken dialogues only that are free
of personally identifiable information (PII). To re-
duce lexical leakage from Arabic into the English
sources and to encourage semantic (rather than
transliteration-based) transfer, we ask the model
to use English paraphrases for culturally specific
expressions (e.g., “God willing” rather than the
transliterated Arabic “inshallah”).

We iteratively refine our shared prompt tem-
plate in pilot runs, using feedback from several
team members to improve cultural plausibility, do-
main coverage, and linguistic naturalness. Applied
across all 13 countries, our prompt configuration,
instantiated with country- and domain-specific vari-
ables, produced 6,050 conversations per country un-
der the 2-4 turns constraint (∼ 3 turns/conversation
on average). Examples from Phase 1 and Phase 2
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are shown in Figure A.3 (Appendix).

3.1.2 English Source Quality Assurance

To ensure the high quality, diversity, and cultural
validity of the generated English source conversa-
tions, we utilized a two-step pipeline consisting of
automated screening and human validation. Auto-
mated checks filtered the data for format compli-
ance, length constraints, and PII. We also verified
lexical and semantic diversity, confirming low re-
dundancy across the generated conversations. Cru-
cially, before translation, human annotators audited
the source materials to filter out linguistic artifacts,
factual inconsistencies, and cultural mismatches
(e.g., dialect-inappropriate idioms or regional in-
accuracies). This targeted human review resulted
in the exclusion of approximately 2.94% of the
generated sentences. A comprehensive breakdown
of our diversity metrics, cultural screening proce-
dures, and representations of domain coverage can
be found in Appendix A.1.

3.2 Human Dialectal Arabic Translation

Once the English conversations were generated,
we distributed them to the corresponding country
teams. Each conversation was translated by a pri-
mary translator, who produced a single dialectal
Arabic translation for each turn. To promote qual-
ity and consistency across contributors and dialects,
we implemented the following procedures:

Participant Selection and Training. We re-
cruited translators who (i) self-identified as primary
speakers of the target local dialect and (ii) reported
advanced proficiency in English. The entire co-
hort was drawn from academic settings (primarily
MA/MSc and PhD students across disciplines). We
conducted an initial live training session covering
task requirements and guideline conventions; the
recording and comprehensive written guidelines
were shared for later reference. After one to two
weeks, we provided targeted feedback based on
sampled translations, focusing on recurrent issues.
Throughout the process, country leads conducted
ongoing quality control by reviewing submitted
translations, providing corrective guidance, and
coordinating revisions when needed. Leads also
reported periodic progress updates.

Translation Guidelines. We provided detailed
translation guidelines instructing participants to
render each turn in their local Arabic dialect while

preserving the meaning of the English source. Con-
tributors were asked to use Arabic script and to
avoid rewriting turns into formal MSA; instead,
they were encouraged to use colloquial phrasing
typical of their variety, without enforcing a sin-
gle standardized orthography. Translations were
produced at the turn level, with instructions to (i)
maintain semantic faithfulness, (ii) adhere to the
assigned persona attributes (e.g., role/occupation)
and speaker-addressee gender configuration; and
(iii) follow an appropriate social register. We also
provided guidance on code-switching: participants
could include commonly used borrowed terms (ren-
dered in Latin script) when they are conventional
in the target community and lack a natural dialectal
alternative, including terms in English or other lo-
cally prevalent contact languages such as French or
Spanish. While manual translation was prioritized,
we permitted the use of AI assistance under nar-
rowly defined conditions, accompanied by rigorous
human post-editing to ensure correctness and di-
alectal authenticity (see Appendix A.5 for analysis
of tool usage). We additionally conducted a post-
task survey to document translation challenges and
contributor feedback (Appendix A.6).

3.3 Translation Revision
Revision Guidelines. To improve data quality,
we conducted a peer review and revision phase.
Each translated conversation was assigned to a sec-
ond participant from the same country for cross-
evaluation. Reviewers assessed each turn along
six dimensions: dialectal authenticity, speaker-
addressee gender alignment, register appropriate-
ness, semantic faithfulness, punctuation, and code-
switching consistency.4 Reviewers then issued an
overall decision: Accept, Minor edit (mechanical
corrections such as punctuation/typos), or Major
issue (substantive problems affecting meaning, reg-
ister, or metadata alignment). When a translation
used a regional dialect different from the reviewer’s
own, the rubric restricted edits to mechanical cor-
rections only; reviewers were instructed not to alter
the dialect-specific phrasing or vocabulary. Items
flagged with major issues were escalated for follow-
up (revision by the original translator and/or adju-
dication by the country lead). Reviewers assigned
a difficulty score used for test-set selection; specifi-
cally, this metric was employed to penalize simplis-
tic and trivial turns such as “thank you,” thereby

4We provided a rubric with examples to guide contributors
in this process.
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Domain Levant Gulf Nile Maghreb

JO LB PS SY SA OM YE EG SD LY MA MR TN

� Agriculture/Farming 825 1140 1770 931 1162 915 529 583 163 231 570 970 481

ê Commerce/Transactions 750 1004 1595 749 1020 650 579 506 201 160 445 757 401

r Construction/Real Estate 859 995 1761 861 1161 974 696 660 225 271 574 673 485

� Education/Academia 816 1191 1513 831 1017 1079 563 549 170 220 601 863 551

� Energy/Resources 786 1048 1715 928 1177 937 587 625 189 243 447 719 470

Ü Everyday/Social 967 1215 1697 787 1020 888 642 604 175 210 595 824 550

È Healthcare/Medical 727 1240 1728 781 1043 895 548 487 164 253 556 948 522

u Legal/Financial 693 1006 1566 757 857 753 496 539 177 174 481 642 412

� Logistics/Transport 842 1020 1512 950 1234 842 629 646 189 187 593 877 515

l Professional/Workplace 845 1220 1810 959 1112 866 549 645 178 253 480 709 526

D Tourism/Hospitality 720 1161 1596 884 1004 815 608 608 190 216 567 878 460

¡ Total 8,830 12,240 18,263 9,418 11,807 9,614 6,426 6,452 2,021 2,418 5,909 8,860 5,373

Table 2: Post-revision turn statistics in the Alexandria dataset across domains and dialects.

ensuring a more rigorous evaluation set.

Revision Insights. In the revision phase, which
was strictly human-only, 68.4% of turns remained
unchanged, 30.6% required minor edits, and 1%
were flagged for major issues. For turns that were
edited, the mean normalized edit distance (turn-
level Levenshtein distance divided by character
count) was 16.9%. Beyond structural edits, we as-
sessed the quality of the final output across three di-
mensions: dialectal authenticity (9.03/10), register
appropriateness (9.40/10), and semantic faithful-
ness (9.36/10). These high scores, averaged across
all target countries, demonstrate that the final out-
put met strict standards of native-speaker authen-
ticity. Table A.3 (Appendix) illustrates examples
of corrections made.

To assess revision reliability, we measured inter-
rater agreement on an overlapping subset in which
two reviewers from the same country indepen-
dently reviewed 50-110 shared turns. We report
agreement on the three-way decision label (Ac-
cept/Minor/Major): the mean exact match rate is
68.2%, and the mean Gwet’s AC1 score is 0.655.

Preprocessing and Normalization. We applied
a three-step cleaning procedure to the revised turns:
(i) NFKC Unicode normalization, (ii) punctuation
normalization, and (iii) whitespace cleaning.

Final examples of the Alexandria parallel con-
versations are presented in Table A.1 (Appendix).

3.4 Alexandria Characteristics
Dataset Statistics. The final dataset comprises
34, 488 multi-turn conversations, totaling 107K

5We report Gwet’s AC1 (Gwet, 2008) instead of Cohen’s
Kappa due to the high class imbalance in our data (a high
prevalence of “Accept” decisions). In such distributions, Co-
hen’s Kappa penalizes high agreement (the “Kappa Paradox”),
whereas Gwet’s AC1 provides a more robust estimate of
chance agreement.

turns. Table 2 summarizes Alexandria after the re-
vision phase, broken down by country and domain.
Dataset size varies by country, largely reflecting
differences in contributor availability across coun-
try teams. Despite these differences, each country
covers 11 domains (i.e., no domain is missing for
any country/dialect group). On average, a dialec-
tal turn contains 13.23 words. Details about the
code-switching coverage and gender distribution
are presented in Appendix A.3. In Table 1, we
compare Alexandria to prior resources along size,
domain coverage, and available annotations.

Data Splits and Release. The Alexandria dataset
is partitioned into four splits: training, public de-
velopment, public test, and private test.6 To ensure
balanced representation, the public development
and test sets are stratified equally across dialect
groups, genders, and translators. Specifically, each
country-domain pair contributes ∼100 turns (∼30
conversations) to the public test and ∼ 50 turns to
public development, yielding ∼1,100 test turns and
∼550 dev turns per country. The remaining data
are allocated to the training and private test sets.

4 Evaluation

4.1 Evaluation Setup

We use Alexandria public test set to evaluate
English↔Arabic translation across a diverse set
of API access (closed-weight) and open-weight
Arabic-capable LLMs. Exploiting Alexandria’s
conversational structure and metadata (persona role
and speaker→addressee gender configuration), we
evaluate three input settings: (i) Turn-level, trans-
lating a single turn in isolation; (ii) Context-level,
translating a turn given the preceding source-side

6A private test set is withheld to facilitate future open
evaluations (e.g., leaderboards, shared tasks).
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SA EG SY PS JO SD LB TN LY YE OM MA MR
Dialect

gemini-2.5-pro_1024
gemini-3-flash-preview_medium
gemini-3-flash-preview_minimal

gemini-3-pro-preview_low
gemini-2.5-flash_0

gemini-2.5-flash_1024
c4ai-command-a-03-2025

command-a-reasoning-08-2025
gemma-3-27b-it

aya-expanse-32b
command-a-translate-08-2025

gemma-3-12b-it
Fanar-1-9B-Instruct

Qwen3-Next-80B-A3B-Instruct
gpt-oss-120b

aya-expanse-8b
Llama-3.3-70B-Instruct

gpt-oss-20b
Qwen3-32B

c4ai-command-r7b-arabic-02-2025
gemma-3-4b-it

ALLaM-7B-Instruct-preview
Qwen3-8B
Qwen3-4B

M
od

el
31.4 31.4 34.4 31.0 27.1 27.8 29.4 30.8 22.8 22.6 20.3 23.0 8.2
29.6 31.4 31.1 27.8 27.9 28.0 28.3 31.4 22.8 23.6 19.5 24.0 10.1
30.9 31.2 32.8 29.5 27.3 27.5 28.7 30.1 22.1 21.7 19.6 22.3 9.1
28.9 30.3 30.7 27.5 26.6 26.5 26.9 28.2 21.6 21.0 19.1 22.7 9.7
26.7 29.1 28.7 25.6 24.4 25.2 25.4 28.1 21.2 21.6 17.5 21.6 8.9
27.4 29.5 26.5 25.9 24.4 26.7 25.1 23.6 21.7 21.5 17.6 23.1 9.6
29.2 27.0 29.0 24.7 25.8 22.4 23.9 25.3 18.6 19.5 18.0 18.8 8.9
30.0 29.9 26.8 25.5 25.7 25.2 21.3 19.9 21.0 20.9 17.3 20.1 7.4
28.5 28.0 28.7 25.8 26.1 22.2 21.4 22.2 19.5 19.0 18.9 18.0 8.9
28.9 27.9 25.9 25.1 25.0 24.5 22.4 21.3 16.9 19.6 19.1 17.8 5.7
25.5 25.4 25.1 24.7 23.7 20.6 17.1 16.1 18.6 18.1 17.0 14.1 8.2
24.3 20.7 26.6 23.5 22.6 15.8 20.2 16.7 16.0 14.2 15.7 12.5 8.6
24.8 20.8 22.5 18.9 22.8 17.1 17.2 18.5 16.7 17.0 16.2 14.6 8.0
21.7 19.7 20.9 19.8 16.7 15.8 14.4 11.3 14.2 16.0 14.7 7.2 7.0
16.1 21.7 20.1 18.3 18.4 18.1 18.1 7.9 15.3 15.9 14.5 6.4 3.2
17.8 18.0 17.9 16.5 16.2 14.6 13.0 11.0 13.0 10.8 13.1 8.0 7.6
20.1 19.8 11.7 17.5 18.7 15.1 10.5 9.7 12.6 12.4 13.8 7.3 6.0
21.1 20.7 20.0 15.5 16.5 13.7 13.2 13.3 12.3 9.1 8.9 7.8 1.5
18.4 14.9 17.6 15.9 17.1 13.6 10.4 11.0 11.7 12.6 13.6 4.8 7.7
16.7 15.6 16.7 16.1 15.5 12.8 11.7 10.7 12.9 11.8 13.4 7.8 7.2
17.6 13.6 15.2 14.5 14.8 12.6 10.4 9.9 12.5 11.5 13.2 5.7 4.4
13.9 10.1 12.7 10.5 11.4 9.6 8.4 7.0 10.1 6.0 8.9 4.1 2.5
12.5 8.8 11.3 10.4 10.4 8.9 7.1 7.2 9.5 7.5 8.9 3.5 4.6
15.6 12.9 5.2 16.5 10.0 13.0 7.8 3.3 6.3 7.9 7.5 1.9 1.6

English  Dialect

SY TN SA SD LB JO PS EG OM MA YE LY MR
Dialect

57.3 56.8 51.1 52.6 50.8 48.7 46.7 46.1 46.8 46.2 41.9 39.5 40.3
57.0 56.3 51.0 50.3 50.1 47.1 46.4 45.8 45.2 46.1 41.2 38.7 40.8
56.2 55.0 49.8 50.0 49.2 46.7 46.0 44.9 44.6 45.3 41.0 38.6 40.1
56.5 55.8 48.9 49.4 48.7 46.2 45.3 44.6 44.8 46.2 40.6 38.1 41.1
55.5 54.2 50.0 50.3 49.4 47.0 45.9 44.1 44.8 44.2 40.3 37.9 36.7
54.5 53.1 48.3 48.6 48.1 45.6 44.3 43.0 42.7 42.9 38.8 36.7 35.1
53.0 53.0 46.8 47.5 46.8 43.3 44.2 42.6 42.2 42.5 39.0 36.0 31.7
53.7 51.3 46.7 47.6 47.9 43.6 45.1 43.2 41.8 42.7 38.8 35.3 30.2
52.7 50.2 46.8 48.0 47.0 45.3 44.6 43.0 41.5 40.1 38.3 35.6 27.6
52.4 49.9 46.3 46.5 47.4 43.7 44.1 42.6 40.7 38.9 38.4 36.0 27.1
50.8 50.6 44.7 46.7 44.0 42.0 42.4 40.0 41.1 39.8 37.4 33.9 30.7
50.5 47.4 45.5 44.5 45.3 43.1 42.5 40.6 39.2 36.6 36.2 34.3 25.3
49.8 45.2 44.4 43.7 45.5 41.8 42.1 40.7 39.1 35.8 36.4 33.1 24.2
49.5 45.2 44.9 42.5 43.8 41.5 41.8 40.6 38.0 34.1 37.0 33.5 25.5
49.6 48.0 44.0 42.6 43.4 40.9 41.2 40.0 36.7 36.3 35.8 31.7 24.6
46.9 42.3 41.5 40.2 41.6 39.3 39.1 37.8 36.0 31.8 34.2 30.9 21.2
47.0 41.5 40.8 39.3 41.5 39.1 38.9 37.0 35.2 34.1 34.2 30.9 22.8
47.0 45.0 41.8 40.3 40.6 38.9 38.3 37.8 34.8 32.9 34.1 29.5 21.4
45.3 38.3 42.4 40.8 39.1 39.8 38.8 37.0 35.9 29.4 33.4 30.1 22.6
46.0 40.7 40.0 39.7 39.5 37.1 38.0 36.1 34.9 32.9 32.6 29.0 21.0
43.9 38.8 40.5 38.0 38.6 38.4 36.6 36.4 34.0 28.7 31.8 29.4 19.7
40.3 38.4 35.3 32.9 34.8 32.8 34.2 33.0 29.7 28.9 28.9 25.9 19.2
39.5 32.2 37.8 34.9 33.7 34.0 33.4 33.1 31.0 23.5 29.6 25.7 18.6
35.0 28.7 34.5 30.4 29.4 31.0 29.5 28.6 27.5 18.9 26.4 23.6 16.4
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Figure 3: Context-aware MT performance (spBLEU) across 13 dialects. Results reveal a significant directional
asymmetry: models perform consistently stronger on Dialect → English (right) than English → Dialect (left).
Maghrebi dialects (e.g., MR, MA, TN) remain the most challenging across all models.

dialogue turns; and (iii) Conversation-level, trans-
lating the entire conversation in a single pass with
explicit turn delimiters. In all settings, we prepend
the relevant metadata to the input. Figure B.2 (Ap-
pendix) provides the generation prompt templates.

We evaluate 24 Arabic-capable LLMs including
the Gemini, Qwen 3, Gemma, and Command A (Ta-
ble B.1, Appendix), including both standard and
"reasoning" variants. Unless otherwise noted, de-
coding uses greedy generations (temperature=0).

4.2 Automatic Evaluation
We report reference-based surface metrics us-
ing SacreBLEU: spBLEU (Goyal et al., 2022)
(SentencePiece with the flores200 tokenizer), and
chrF++ (Popović, 2017) (robust for rich morphol-
ogy). We avoid model-based metrics such as
COMET (Rei et al., 2020) due to the limited re-
liability of dialectal Arabic.

4.3 Human Evaluation
For human evaluation, we focus on
English→dialect, which is more sensitive to
dialectness and lexical homogenization (i.e., MSA
leakage). Native speakers evaluate outputs from six
selected LLMs7 on (i) semantic adequacy (5-point
Crosslingual Semantic Text Similarity [XSTS]
scale (Agirre et al., 2012)), to measure meaning
preservation regardless of variety; (ii) gender
accuracy (Pass/Fail/NA); and (iii) dialectness
& Fluency (1–5). Further details on the scoring
rubrics are provided in Appendix B.1.

7These models were selected based on the diversity of their
automatic evaluation scores.

We selected 1–3 evaluators per country.8 Each
evaluator rated ∼500 items, stratified across mod-
els and domains. For countries with ≥2 evaluators,
evaluator pairs additionally rated an overlapping
subset of ∼50 items to estimate consistency. We
computed inter-rater agreement for three criteria:
gender accuracy achieved a mean Gwet’s AC1 of
0.970 (averaged across countries), while semantic
adequacy and dialectness/fluency yielded Intraclass
Correlations (ICC(2,k)) of 0.45 and 0.56, respec-
tively, indicating fair-to-moderate agreement.

5 Results and Discussion

We focus on the context-level conversation setting,
which better matches conversational MT: the sys-
tem translates the current turn given only the pre-
ceding dialogue history, without access to future
turns (Figure B.1 in Appendix presents comparison
against the other settings). While conversation-
level translation (full-conversation input) yields
higher raw scores, it represents a more permis-
sive, offline setting. Because spBLEU and chrF++
are highly correlated in our experiments (Pearson
r = 0.90), we report spBLEU in the main text for
compactness and include chrF++ in Appendix C.1.

5.1 Automatic Evaluation Results

Per-Dialect Results. Figure 3 reports context-
level spBLEU across the 13 country-level dialect
groups, with scores averaged over city-level vari-
eties and domains. We observe a clear directional
asymmetry: dialect→English achieves consistently

8EG, JO, SD, TN, and YE each had one evaluator.
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higher scores than English→dialect. Among the
evaluated models, the Gemini variants (specifically
Gemini-2.5-pro and Gemini-3-flash) achieve
the strongest performance across both directions.
Performance also varies substantially by dialect
group: models tend to perform best on Egyptian
and Levantine varieties (e.g., SY, LB, JO), possibly
due to training data availability for these varieties,
while Maghrebi varieties pose a greater challenge,
with Mauritanian yielding the lowest scores.

Per-Sub-Dialect Results. We further evaluate
performance at the sub-dialect (city-level) gran-
ularity. We select the three best-performing LLMs
from the previous section (based on context-level
spBLEU averaged across dialect groups and do-
mains) and evaluate them on each sub-dialect; Fig-
ure 4 summarizes the results. Focusing on within-
country variation, we observe that sub-dialect rank-
ings are broadly consistent across models: while
absolute scores differ, the relative ordering of sub-
dialects within a country is largely stable, suggest-
ing systematic sub-dialect difficulty that general-
izes across model families. Results from other
models are provided in Figure C.2 (Appendix).
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Figure 4: Intra-country performance variance (English
→ Sub-Dialect). Scores for selected sub-dialects reveal
systematic difficulty gaps within countries (e.g., urban
vs. rural Palestinian varieties), with consistent model
rankings across sub-dialects.

Per-Domain Results. Figure 5 shows
English→dialect spBLEU across 11 domains,
averaged over countries. Model rankings are
highly consistent across domains: top-tier models
such as Gemini-3-flash and Command A perform
best throughout, while smaller open-weight
models such as ALLaM-7B and Fanar-1-9B
remain in the lower tier. The limited crossing of
performance curves suggests little domain-specific
specialization, with overall model strength being
the main driver of performance. Dialect→English
results are shown in Figure C.4 in the Appendix.
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Figure 5: Domain robustness analysis (English → Di-
alect). The plot illustrates average per-domain spBLEU
scores for a subset of models across all 11 domains.

Impact of prompt metadata and comparison
against NLLB. Because most of our experiments
use conditioned prompts with metadata, we ran
a single-turn ablation with three settings: None,
Partial (gender only), and Full. We also com-
pared these results with NLLB-200-3.3B (Team
et al., 2022), which supports 9 of the 13 Alexan-
dria dialects. As shown in Table 3, the evaluated
LLMs outperform NLLB across all supported di-
alects, even without metadata. The effect of meta-
data, however, is mixed: it helps in some cases
(e.g., c4ai-command-a-03-2025) but is inconsistent
across models and dialects. For gemma-3-12b-it,
differences across settings are small and sometimes
negative, while for aya-expanse-32b the Full set-
ting is often worse than None or Partial. Overall,
metadata can help, but its benefits are model- and
dialect-dependent rather than uniformly additive.

Additional Factors Influencing Translation Per-
formance. We investigated the impact of specific
linguistic characteristics and model configurations
on translation quality. First, we found a positive
correlation between translation performance and
a dialect’s lexical overlap with MSA; models per-
form better on dialects closer to MSA, while struc-
turally distant varieties (e.g., Maghrebi dialects)
pose significant challenges. Second, the presence
of intra-sentential code-switching (e.g., using Latin
script loanwords) substantially degrades transla-
tion performance across most evaluated dialects.
Detailed correlation analyses and dialect-specific
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Model Metadata EG JO LB MA PS SA SY TN YE

NLLB-200-3.3B N/A 17.16 18.44 17.06 9.82 18.57 17.96 22.24 10.64 11.17

gemma-3-12b-it None 25.54 23.54 20.82 11.33 24.12 25.65 25.79 16.84 17.39
Partial 25.22 23.77 21.30 11.47 23.19 25.97 25.79 16.30 16.91
Full 25.11 23.14 20.96 11.34 23.39 24.39 24.90 12.00 17.50

aya-expanse-32b None 25.06 22.26 19.77 11.52 21.31 23.54 26.31 15.97 14.01
Partial 25.32 22.66 20.49 10.96 21.84 23.82 26.25 15.91 14.09
Full 24.35 21.52 14.51 7.54 21.90 23.27 24.68 8.34 12.99

c4ai-command-a-03-2025 None 28.78 24.27 20.20 18.60 25.34 28.88 27.74 23.91 18.58
Partial 29.07 24.31 20.88 19.19 25.06 28.98 27.70 20.36 19.34
Full 29.45 25.41 21.13 20.01 25.29 29.40 26.96 20.79 20.51

Table 3: Single-turn English-to-Dialect spBLEU scores across nine Arabic dialects. LLMs are evaluated under
metadata ablations: None, Partial (gender only), and Full (complete metadata). Bold denotes the overall column
maximum; underline denotes the maximum per model.

breakdowns regarding these linguistic factors are
provided in Appendix C.1.1. Finally, we evaluated
the impact of explicit LLM reasoning (the “think-
ing process”). While reasoning generally hurts
translation performance for most models, it notably
yields improvements for gemini-3-flash (e.g., +2.0
spBLEU for English-to-Dialect). Full comparative
results for the reasoning experiments are detailed
in Appendix C.1.2.
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Figure 6: Human evaluation results of Semantic Ade-
quacy vs. Dialectness.

5.2 Human Evaluation Results

Detailed per-model and per-country human evalu-
ation results are provided in Tables C.3, C.4, and
C.5 (Appendix). Overall, gender accuracy is high
(>90%), suggesting that models effectively adhere
to explicit gender constraints when provided in the
prompt. In contrast, models exhibit significant per-
formance drops in semantic adequacy and, most no-
tably, dialectness/fluency. Across dialects, average

semantic adequacy remains above 3/5, whereas di-
alectness/fluency is substantially lower, dropping to
∼2/5 for some model-country pairs. Figure 6 plots
semantic adequacy against dialectness/fluency for
four representative dialect groups: Moroccan, Mau-
ritanian, Saudi, and Sudanese (Figure C.5 in Ap-
pendix presents results for the remaining dialects).
Most data points lie below the diagonal identity
line, indicating that models preserve meaning more
reliably than they produce dialect-authentic output.
We also observe systematic differences across di-
alects: Saudi and Sudanese varieties tend to achieve
higher scores on both axes, while Mauritanian re-
mains the most challenging, with dialectness often
near 2.0 even when semantic adequacy exceeds 3.0.
Among the evaluated models, Gemini-3-flash
and Command-A consistently define the Pareto fron-
tier (offering the strongest adequacy-dialectness
trade-off), whereas gpt-oss-120b demonstrates
comparatively lower dialectness/fluency across all
regions.

6 Conclusion

In this work, we introduce Alexandria, a culturally
inclusive benchmark covering 13 Arab countries,
designed to evaluate the dialectal capabilities of
Arabic-aware LLMs. Curated by a community of
55 researchers, the dataset comprises 107K turns
(34, 488 conversations) across 11 domains. Our
evaluations reveal critical gaps in existing models
regarding regional dialects, technical terminology,
and gender alignment. By releasing Alexandria, we
provide a robust framework to address these limita-
tions, fostering the development of more accurate
and culturally sensitive language technologies.
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Limitations

• Gender Imbalance in Scenarios: Our
dataset exhibits an imbalance in gender trans-
fer directions, specifically a lower frequency
of female-to-female interactions (12.60%)
compared to other categories. This disparity
is an artifact of the Phase 1 generation pro-
cess; while our prompts explicitly requested
diverse personas, the source LLM exhibited a
latent bias toward generating mixed-gender or
male-dominant scenarios. However, to ensure
fair evaluation, the test and development sets
were explicitly curated in a balanced manner
across gender directions.

• Technical Lexical Gaps and MSA Leak-
age: Annotators reported significant hurdles
when translating technical terminology (e.g.,
in mining, geology, or corporate logistics) that
lacks direct dialectal equivalents. In these
instances, translators frequently resorted to
MSA or code-switching to convey scientific
concepts, which may introduce a formal regis-
ter bias in technical domains.

• Restricted Closed-Models Evaluation: We
integrated LLMs into our framework follow-
ing their demonstrated effectiveness in trans-
lation tasks, particularly among proprietary
architectures. Due to budget constraints, we
could not assess the full range of closed-
source models and instead focused our evalu-
ation exclusively on the Gemini suite.

Ethics Statement

All Alexandria translations were produced by com-
munity participants under a pre-established author-
ship agreement. Specifically, contributors who
translated and revised a minimum of 3, 000 sen-
tences each are included as co-authors to ensure
full credit for their substantial labor. Participants
who contributed to the project but did not meet this
threshold are recognized in the Acknowledgments.
To maintain ethical standards, we used English
source sentences free of personally identifiable in-
formation (PII) and provided participants with rig-
orous guidelines regarding local norms, data pri-
vacy, and informed consent.
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Appendices
A Alexandria MT Dataset Creation

A.1 English Source Quality Assurance

We screen the generated English conversations us-
ing automated checks (format compliance, length
bounds, and heuristic PII detection), followed by
targeted human review to remove outputs that vio-
late privacy, realism, or guideline constraints.

Diversity and Redundancy. We assess lexical
variety using the proportion of unique bigrams
(unique/total) computed per domain, identifying
the ratio to range from 0.47 to 0.62. To estimate
semantic redundancy, we embed each conversation
(mean pooled sentence embeddings)11, and com-
pute cosine similarity over all English conversation
pairs; the mean similarity is 0.20, suggesting lim-
ited near-duplication/semantic and topical diversity.
Figure A.1 visualizes the diversity of the generated
English sources using t-SNE.

Linguistic and Cultural Screening. Because
LLM-generated sources can contain artifacts (e.g.,
unnatural phrasing, implausible cultural details, or
mismatches with persona/gender specifications),
participants were instructed to audit each source
conversation before translation and to flag and dis-
card items that violated the guidelines. On average,
2.94% of the sentences were skipped by the partic-
ipants and marked as irrelevant.

English Sources Quality Check To verify the
quality of the English source conversations prior
to translation, we incorporated a human validation
step into the translators’ workflow. Specifically,
we added a dedicated “Comments” column in each
participant’s assigned spreadsheet so that transla-
tors could flag problematic turns and provide con-
crete feedback. We instructed participants to skip
any conversation that (i) did not align with the tar-
get community’s cultural context or (ii) included
culture-specific references that were incorrect for
that country/dialect. This process surfaced several
culture-mismatch cases. For instance, in the Jor-
danian track, an annotator flagged an expression
that is common in Syrian usage but not in Jorda-
nian Arabic (e.g., “green light, dead”) and noted
that the surrounding scenario relied on assumptions

11The model used is all-MiniLM-L6-v2, Available at
https://huggingface.co/sentence-transformers/
all-MiniLM-L6-v2.

that do not reflect the local context. In the Saudi
track, a translator identified a factual inconsistency
where the conversation described performing Um-
rah in Medina rather than in Mecca. Such cases
were excluded from the translation set to prevent
downstream evaluation from being confounded by
culturally inaccurate or factually incorrect source
content.

tourism
edu

legal
social

pro
const

energy
comm

logistics
health

agri

Figure A.1: t-SNE projection of generated English
conversations, shown for the Moroccan context as a
representative example. Conversations are grouped by
domain using source embeddings from our two-phase
pipeline; these trends are consistent across the other
countries.
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Figure A.2: Average Code-Mixing Index across dialects
and domains in Alexandria dataset.

A.2 Project Management and Feedback
Loops

To support data quality and maintain steady
progress over the project lifecycle, we used a struc-
tured coordination process. We held weekly meet-
ings with all participants to review progress and
surface recurring issues; feedback from these meet-
ings was used to iteratively refine both the transla-
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tion guidelines and the annotation platform. Day-
to-day coordination occurred through a dedicated
Slack workspace, complemented by bi-weekly re-
minders to keep the workflow on track. Addition-
ally, country leads met every 3–4 weeks to review
team-specific progress, address bottlenecks, and
consolidate high-level observations and recommen-
dations for subsequent iterations.

A.3 Alexandria Characteristics

Code-Switching Rates. Analysis of code-
switching rates reveals that Moroccan and Tunisian
varieties consistently exhibit higher code-mixing,
while Lebanon shows moderate levels. Most
other dialect groups remain low. For a detailed
breakdown of the Code-Mixing Index (Das and
Gambäck, 2014) across dialects and domains, see
Figure A.2.

Gender Direction Distribution. The final ver-
sion of Alexandria includes four speaker-addressee
gender configurations: F→M (33.19%), M→F
(32.78%), M→M (21.43%), and F→F (12.60%).

A.4 Annotation Platform

The entire data collection and revision workflow
was executed using a spreadsheet-based infras-
tructure (Google Sheets). The generated English
conversations were shuffled and partitioned into
batches of 300 conversations (approximately 1,000
turns), with each batch exported to a dedicated
sheet. Once a participant finishes a sheet, we can
assign them another sheet.

Translation Interface. Each conversation was
annotated with metadata indicating the participat-
ing personas and the gender direction for each turn.
The interface provided translators with a check-
box to discard an entire conversation if any con-
stituent sentence was deemed irrelevant or prob-
lematic. Translators entered their translations in a
designated column, strictly adhering to the speci-
fied gender and social register. An additional field
was provided for translators to log specific notes
or linguistic observations for each turn. Figure
A.4 shows a screenshot from one of the translation
sheets.

Revision Interface. For the peer-revision phase,
reviewers received separate sheets containing the
source English text and the anonymized dialectal
translations collected during the previous phase.
Reviewers were tasked with populating specific

columns for quality scores and, where necessary,
providing corrected translations. A notes column
was also available for qualitative feedback. Figure
A.5 shows a screenshot from one of the revision
sheets.

Access Control and Monitoring. To ensure data
integrity and privacy, access to each sheet was
strictly limited to the assigned participant and
their team leader. We implemented a centralized
progress tracking system (on Google Sheets) that
aggregated statistics from all individual sheets.
This system logged daily metrics to monitor
throughput at both the country and participant lev-
els. Additionally, team leaders were provided with
a customized dashboard view of this global re-
port, enabling real-time oversight of their respec-
tive teams’ progress.

A.5 AI Usage in Translation Phase

AI as an Auxiliary Assistance Tool To preserve
the authenticity of the dialectal data, our protocol
strictly defined generative AI as an auxiliary assis-
tance tool rather than a primary translation source.
The initial protocol prioritized fully manual trans-
lation; however, we refined this policy to allow a
machine-translation-assisted workflow specifically
for technical domains such as Energy, Mining,
and Logistics. In these cases, AI served as a com-
prehension and lexical aid to help translators "boot-
strap" initial MSA drafts. This workflow was per-
mitted only under the condition that the final output
was a product of rigorous manual post-editing and
adaptation to ensure dialectal integrity.

Adoption and Frequency of Assistance Based
on a survey conducted with 28 participants, the
adoption of these auxiliary tools was widespread;
self-reported data indicates that 85.7% of partic-
ipants utilized an AI system or translation utility
as part of their workflow, while only 14.3% relied
solely on fully manual translation. Among those
who utilized AI for assistance, the degree of re-
liance varied. While 29.2% of users reported low
reliance (1–100 sentences) and an equal percentage
reported moderate reliance (100–500 sentences),
37.5% indicated high reliance exceeding 500 sen-
tences for initial drafting.

Tool Selection for Assistance Participants often
employed multiple systems simultaneously to ver-
ify assistance outputs. Google Translate was the
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� Egypt: Logistics & Transportation

Õ Warehouse e Freight ê Port ... (+52)

� Warehouse Topics:

• Topic 1: Logistics of managing a distribution network (Sel.)

• Topic 6: Fire Safety Protocols

• Topic 10: Controlling Inventory Shrinkage ... (+7)

° Sample: Context: Logistics of managing a distribution network

¹ Importer: Our sales in Upper Egypt are growing,
but delivery from Cairo is slow.

¹ Partner: Agreed. We should set up hubs in Tanta
and Assiut.

� Morocco: Tourism & Hospitality

9 Souk C Travel ☼ Safari ... (+52)

� Souk Topics:

• Topic 1: Giving directions to a part of the souk (Sel.)

• Topic 3: Making a counter-offer during haggling

• Topic 7: Asking for directions to Jemaa el-Fna square ... (+7)

° Sample: Context: Giving directions to a part of the souk

♀ Tourist: Excuse me, I’m looking for the spice square.
Am I going the right way?

¹ Vendor: You’re close. Go straight, then take the
second left. You’ll find it there.

² Mauritania: Everyday Social Life

X Tea (’Atay’) ± Greet Ñ Family ... (+52)

� Tea (’Atay’) Topics:

• Topic 1: Deciding whose turn it is to host & prepare tea (Sel.)

• Topic 7: The 3 Ceremonial Rounds

• Topic 9: Green Tea Quality ... (+7)

° Sample: Context: Deciding whose turn it is to host & prepare tea

♀ Friend 1: Are you free for tea later? I’m pretty sure
it’s your turn to host.

♀ Friend 2: No, we were at my place last week. It is
definitely your house this time.


 Oman: Agriculture & Farming

Ö Well Drilling ² Co-ops q Pests ... (+52)

� Well Drilling Topics:

• Topic 3: Asking for a Guarantee (Sel.)

• Topic 5: Debating which village has the oldest or longest ’falaj’

• Topic 8: High cost of drilling a private well ... (+7)

° Sample: Context: Asking for a Guarantee

¹ Farmer: What happens if we drill and find no water?

¹ Driller: No guarantee. But you pay half if dry.

� Palestine: Group Project Work

Á Tawjihi Prep ÿ Heritage _ Curriculum ... (+52)

� Project Work Topics:

• Topic 1: Tawjihi preparation program (Sel.)

• Topic 2: Palestinian cultural heritage

• Topic 3: Plan the curriculum ... (+7)

° Sample: Context: Tawjihi Preparation Program

♀ Admin: We need to evaluate our Tawjihi Prep pro-
gram.

¹ Head: Based on results, students struggle with liter-
ary subjects.

¹ Saudi: Construction & Real Estate

� Architectural Eng. ¹ Site Ops ½ Urban ... (+52)

� Architectural Topics:

• Topic 2: Reviewing structural integrity of formwork (Sel.)

• Topic 1: Design a home with a separate entrance

• Topic 3: Inclusion of home cinema in basement design ... (+7)

° Sample: Context: Reviewing structural integrity of formwork

¹ Eng: The supports in the central bay seem under-
spaced. Check the drawings.

¹ Foreman: Yes, Engineer. I see the note. We’ll add
extra props immediately.

Figure A.3: Examples of the topic and conversation generation process across six countries. The process defines
55 high-level subdomains, each expanding into 10 specific topics along with their personas (gender & roles); a
conversation is then generated for each topic-persona pair.
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Dialect / Domain English Context (Source) Dialectal Arabic (Target) Speaker

Sudan

²
Everyday & social life

I’ve started making a big jug of cold hibiscus
tea every morning. It’s the only way to get
through this heat.
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That’s a very good idea. I should do that for
the children. They get so thirsty.
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Egypt

{

Construction & real estate

Ahmed. The container just cleared customs
in Alexandria. Can you have a truck ready to
load it tomorrow morning?
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Yes, of course. I have a truck available. Send
me the release order, and we’ll be there first
thing, God willing.
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Morocco

Â

Professional & workplace

Hello, IT support, how may I help you? PY
�
®
	
K

�
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K

♂→♀

Hello, I can’t log into my account. I think
I’ve forgotten my password.
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�
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No problem at all, we can sort this out. Are
you in front of your computer right now?
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Mauritania

ï

Commerce & transactions

Excuse me, is the hibiscus juice made fresh
here?
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Yes, madam. We prepare it fresh every morn-
ing.
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Lebanon

à
Agriculture & farming

Here, I saved some of my local zucchini
seeds from last year’s harvest. They have
the best flavor.
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Oh, thank you so much! You’re a lifesaver.
These are much better than the ones they sell
at the store.
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Table A.1: Cross-dialectal dialogue examples from Alexandria dataset.

32583



Figure A.4: Screenshot of the Translation Interface (Google Sheets). Translators are provided with the English
source, gender direction, and persona metadata, and enter the dialectal translation in the designated column.

Figure A.5: Screenshot of the Peer-Revision Interface. Reviewers assess translations based on dialectness, gender
accuracy, register, and faithfulness, and provide corrections where necessary.

dominant tool, utilized by 87.5% of AI users (21
participants), primarily for its speed in retrieving
technical terminology. LLMs served as frequent
supplementary aids, with various versions of Chat-
GPT used by 41.7% of the cohort. Other tools used
strictly for lexical retrieval included online dictio-
naries like Cambridge or Linguee, and alternative
LLMs such as Gemini or Qwen.

Primary Modes of Assistance The specific
modes of assistance identified by participants rein-
force that AI served as a lexical and comprehension
bridge rather than a replacement for human trans-
lation. The most frequent applications included
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Country Covered Subdialects

Egypt Egyptian Arabic (Cairene)
Jordan Jordanian Irbidi
Lebanon Lebanese Standard
Libya Libyan Arabic (Misrati/Central)
Mauritania Mauritanian Hassaniya
Morocco Moroccan Standard Darija Dialect
Oman Omani Al-Wafi

Omani Ibri (Al Nahda)
Omani Rustaqi
Omani Seebi (Al Mawaleh)
Omani Suri (Bani Khuzaymah)

Palestine Palestinian Albira (Urban)
Palestinian Arabic (Aboud Falahi)
Palestinian Arabic (Kobar Falahi)
Palestinian Arabic (Ni’lin Falahi)
Palestinian Arabic (Noba Falahi)
Palestinian Arabic (Ramallah Falahi)
Palestinian Arabic (Shuqba Falahi)
Palestinian Arabic (Silwad Falahi)
Palestinian Arabic (Surif Falahi)
Palestinian Nabulsi (Urban)

Saudi Arabia Saudi Arabic (Southern)
Saudi Arabic Hijazi
Saudi Arabic Khaleeji

Sudan Sudanese Standard
Syria Syrian Arabic (Homsi)

Syrian Arabic (Levantine Standard)
Tunisia Tunisian
Yemen Yemeni Arabic (Central)

Yemeni San’ani
Yemeni Taiz

Table A.2: Arabic Subdialects by Country covered in
the Alexandria project.

lexical support for specific technical terms (21 men-
tions) and improving the comprehension of com-
plex source English text (15 mentions). AI was
used significantly less for drafting entire sentences
(7 mentions), and in all such cases, these drafts
served as "base" versions for human-led dialectal
adaptation.

The MSA Bridge Strategy A critical finding
from translator feedback was the emergence of the
MSA Bridge Strategy, where AI functioned as an
intermediate step. Because commercial AI mod-
els frequently struggle to produce authentic local
dialects, translators used AI to generate an interme-
diate MSA version of the text to ensure technical
accuracy. This strategy ensured that while AI pro-
vided the technical "bridge," the linguistic integrity
and final dialectal variety remained entirely human-
validated.

A.6 Qualitative Analysis of Translation
Challenges

We conducted a qualitative survey of the transla-
tors to identify linguistic and non-linguistic friction
points in the English-to-Dialectal Arabic transla-

tion pipeline. The feedback highlights three pri-
mary categories of challenges:

Lexical Gaps and Domain Specificity A signifi-
cant hurdle reported by annotators was the lack of
direct dialectal equivalents for technical and spe-
cialized terminology (e.g., in mining, geology, or
corporate logistics). Dialectal Arabic is predomi-
nantly a spoken register used for daily communica-
tion; consequently, translators frequently resorted
to MSA or code-switching to convey scientific con-
cepts. Where direct equivalents were absent, trans-
lators utilized periphrasis, replacing single English
words with descriptive phrases, which introduced
structural divergence between the source and target.

Fidelity vs. Fluency Trade-offs The annotation
guidelines’ requirement for strict semantic faith-
fulness often conflicted with the goal of producing
natural, conversational dialect. Annotators noted
that preserving the syntactic structure of English
resulted in "translationese"—phrasing that is gram-
matically correct but pragmatically unnatural in
a dialectal context. Idioms and fixed expressions
proved particularly difficult to map, requiring sig-
nificant rewording to maintain the original intent
without sacrificing the colloquial tone.

Source Ambiguity and Sociocultural Mismatch
Issues inherent to the source text further compli-
cated the process. Annotators cited ambiguity and
vague references in the English source as a cause
for interpretation delays. Furthermore, cultural
disparities posed a distinct challenge; scenarios
depicting gender roles uncommon in the target cul-
ture (e.g., female electricians or delivery personnel)
were perceived as unnatural to the Arab world. This
highlights a critical sociolinguistic challenge: accu-
rately translating the meaning of a sentence while
navigating the cultural expectations embedded in
the target dialect.

B Evaluation

B.1 Human Evaluation

Our human evaluation assessed English-to-Dialect
translations across three decoupled dimensions: Se-
mantic Adequacy, Gender Accuracy, and Dialect-
ness & Fluency. Native speakers of the target di-
alects followed the specific scoring protocols de-
tailed below.
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Country English Source Sentence Pre-revised Translation Revised Translation Speaker

Yemen Please look up at the
half-moon windows above
the doorway.
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Saudi Arabia Here is the problem. You
can see the water dripping
from this pipe behind the
washing machine.
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Palestine Thank you very much. I’m
glad I could contribute,
especially with
coordinating the user
feedback sessions with the
development team.
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Jordan Welcome aboard! Let’s go
over the payments. The
company’s commission is
25% on every trip.
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Oman Good morning. That’s a
wise precaution. I can come
next Tuesday. We will
inject each tree directly to
protect it.
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Table A.3: Illustrative examples of prerevised and revised Arabic translations from the human-only revision phase
across different countries.

B.1.1 Semantic Adequacy (XSTS)
Annotators evaluated meaning preservation using a
5-point Crosslingual Semantic Textual Similarity
(XSTS) scale (Agirre et al., 2012). They were in-
structed to ignore grammar, style, or dialect errors
for this metric.

5 (Perfect) Meaning is identical; all nuances and
tone are preserved.

4 (Good) Core meaning is correct; minor nuances
(e.g., huge vs. big) are lost.

3 (Acceptable) Main message conveyed; non-
critical details missing or slightly inaccurate.

2 (Poor) Critical information is missing or wrong;
meaning is significantly altered.

1 (Wrong) Unrelated to source, contradictory, or
gibberish.

B.1.2 Gender Accuracy
Annotators verified adherence to the specified
grammatical gender direction (e.g., Male speaker
→ Female listener).

Pass (1) Correct use of gendered forms (pronouns,
verbs, adjectives).

Fail (0) Incorrect gender marking (e.g., masculine
anta instead of feminine anti).
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Figure B.1: Comparison of evaluation scenarios across various models. The reported spBLEU scores represent an
average across all dialects for both translation directions.

Category Model Size

Closed-source LLMs

Google Gemini-3-Pro N/A
Gemini-3-Flash N/A
Gemini-2.5-Pro N/A
Gemini-2.5-Flash N/A

Open-source LLMs

Google Gemma-3-27B-IT (Team, 2025) 27B
Gemma-3-12B-IT (Team, 2025) 12B
Gemma-3-4B-IT (Team, 2025) 4B

Cohere Command-A (Cohere et al., 2025) 111B
Command-A-Translate (Kocmi et al., 2025) 111B
Command-A-Reasoning (Cohere et al., 2025) 111B
Command-R7B-Arabic (Alnumay et al., 2025) 7B
Aya-Expanse-32B (Dang et al., 2024) 32B
Aya-Expanse-8B (Dang et al., 2024) 8B

Humain ALLAM-7B-Instruct (Bari et al., 2025) 7B
QCRI Fanar-1-9B-Instruct (Team et al., 2025) 9B
Qwen Qwen3-Next-80B-A3B (Yang et al., 2025) 80B

Qwen3-32B (Yang et al., 2025) 32B
Qwen3-8B (Yang et al., 2025) 8B
Qwen3-4B (Yang et al., 2025) 4B

OpenAI GPT-OSS-120B (OpenAI et al., 2025) 120B
GPT-OSS-20B (OpenAI et al., 2025) 20B

Meta Llama-3.3-70B-Instruct (Grattafiori et al., 2024) 70B

Table B.1: List of Arabic-aware open-source and closed-
source LLMs evaluated with Alexandria test set.

N/A Sentence is gender-neutral; no specific mark-
ers required.

B.1.3 Dialectness & Fluency
Annotators assessed the output by answering the
specific question: “Does this sound like a native
speaker of the target dialect (e.g., Moroccan, Lev-
antine)?”

5 (Native) 100% Authentic. Uses slang/idioms
correctly; contains no MSA.

4 (Good) Correct dialect grammar. Phrasing is a
bit stiff, but clearly local.

3 (Hybrid) Mixes Dialect and MSA. Phrasing
feels awkward or “translated.”

2 (MSA) Correct Arabic, but it is Formal (MSA),
not Dialect.

1 (Fail) Gibberish, wrong dialect entirely, or not
Arabic.

B.1.4 Protocol for MSA Leakage
To isolate meaning from register control, annotators
were instructed to score semantic adequacy and
dialectness independently.

Example: A correct MSA translation for
a request in Moroccan Arabic receives a
Semantic Score of 5 (perfect meaning)
but a Dialect Score of 1–2 (wrong regis-
ter). XSTS scores are not penalized for
dialect errors.

C Results

C.1 Automatic Evaluation Results
C.1.1 Impact of Linguistic Distance and

Code-Switching
To better understand the variance in translation
quality across different regions, we investigated
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Turn-Level Prompt Configuration

Translate the English text contained in the JSON input into <DIALECT>.
Input: { "country": "<Country>", "domain": "<Domain>", "participants": ["<Speaker1>",
"<Speaker2>"], "gender_direction": "<Gender>", "speaker": "<Current_Speaker>", "text":
"<Source_Text>" }
Guidelines:
- Return the result strictly in valid JSON.
- Translate to <DIALECT> using Arabic script.
- Do not add any code, explanations, comments, or any other extra text.
- Keep the meaning and tone and respect the gender direction.
- Consider the country, the domain, the participants, and the speaker in your translation.
Output scheme: { "translation": "translated text here" }

Context-Level Prompt Configuration

Translate the given turn of a conversation from English to <DIALECT>, considering the previous
context if provided.
Input: { "country": "<Country>", "domain": "<Domain>", "participants": [...], "context":
["<Previous_Turn_1>", "<Previous_Turn_2>"], "current_turn": { "speaker": "...", "text": "..."
} }
Guidelines:
... [Same as Turn-Level] ...
- Only translate the "text" field of the "current_turn".
- If a context is provided, do not translate it, and use it to inform your translation.
Output scheme: { "translation": "translation of the text from the current turn" }

Conversation-Level Prompt Configuration

Translate all turns in the following conversation from English to <DIALECT>.
Input: { "country": "<Country>", "domain": "<Domain>", "participants": [...], "turns": [
{"speaker": "A", "text": "..."}, {"speaker": "B", "text": "..."} ] }
Guidelines:
... [Same as Turn-Level] ...
Output scheme: { "turn_1": "translation of the text from turn_1", "turn_2": "translation of the
text from turn_2", ... }

Figure B.2: The three prompt configurations used for the English → Arabic Dialect evaluation. Note that for the
reverse direction (Dialect → English), the source/target languages are swapped, and the guideline regarding Arabic
script is removed.

Country Lexical Overlap Correlation with spBLEU

EG 0.17 0.3970
JO 0.21 0.4335
LB 0.15 0.3967
MA 0.10 0.2731
PS 0.19 0.3943
SA 0.23 0.4824
SY 0.22 0.1911
TN 0.14 0.3606
YE 0.19 0.4414

Table C.1: Lexical overlap between dialectal references
and NLLB-generated MSA translations, alongside their
correlation with spBLEU scores.

Country Avg spBLEU (No Latin) Avg spBLEU (Has Latin) CMI Correlation

EG 27.86 21.86 -0.13
JO 24.17 18.85 -0.06
LB 22.30 17.13 -0.14
MA 20.81 16.33 -0.14
PS 23.75 17.56 -0.05
SA 27.27 28.28 0.02
SY 26.51 29.89 0.02
TN 24.41 19.39 -0.21
YE 19.78 21.78 0.01

Table C.2: Impact of code-switching on translation qual-
ity, comparing average spBLEU scores for sentences
with and without Latin characters, along with the Code-
Mixing Index (CMI) correlation.
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two primary linguistic factors: a dialect’s distance
from MSA and the prevalence of intra-sentential
code-switching. First, we measured the lexical
overlap between our dialectal reference texts and
MSA translations generated by NLLB. As de-
tailed in Table C.1, we observed a moderate posi-
tive correlation between MSA lexical overlap and
spBLEU scores (from English-to-Dialect using
c4ai-command-a-03-2025 experiments) across the
dataset (e.g., reaching 0.48 for Saudi and 0.44
for Yemeni). This indicates that models consis-
tently yield higher quality translations for sen-
tences—and by extension, dialects like Levantine
and Gulf—that share lexical and structural simi-
larities with MSA. Conversely, structurally distant
varieties, such as Maghrebi dialects, pose a signifi-
cantly greater challenge.

Second, we analyzed the impact of code-
switching, which speakers frequently employ using
Latin script (e.g., English or French loanwords) to
bridge lexical gaps in technical domains. By com-
paring sentences with and without Latin characters
(Table C.2), we found that code-mixing degrades
translation performance. For the majority of the
evaluated dialects (including Egyptian, Jordanian,
Lebanese, Moroccan, Palestinian, and Tunisian),
average spBLEU scores dropped substantially in
the presence of code-switching, a finding further
reinforced by a negative correlation with the Code-
Mixing Index.

C.1.2 Impact of LLM Reasoning on
Translation Performance

Figure C.1 presents a comparison between three
models using two configurations: one with the
thinking process and one without. The results show
that the thinking process generally does not help
and often hurts translation performance, except
for gemini-3-flash. In this case, reasoning boosts
average performance by 2.0 spBLEU points for
English-to-Dialect and approximately 0.4 points
for Dialect-to-English.

C.2 Human Evaluation Results

c4ai-command-a gemini-2.5-flash gemini-3-flash
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Figure C.1: Impact of reasoning on translation perfor-
mance. The bar chart shows the spBLEU improvement
(or degradation) when reasoning is enabled for the evalu-
ated models compared to their non-reasoning baselines.
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Figure C.2: spBLEU scores for selected LLMs on the Alexandria test set (English → Sub-Dialect). We report
results for specific sub-dialects across five countries to highlight intra-country performance discrepancies.
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gemma-3-27b-it
command-a-reasoning-08-2025

aya-expanse-32b
command-a-translate-08-2025

gemma-3-12b-it
gpt-oss-120b

Qwen3-Next-80B-A3B-Instruct
Fanar-1-9B-Instruct

Llama-3.3-70B-Instruct
aya-expanse-8b

Qwen3-32B
gpt-oss-20b

c4ai-command-r7b-arabic-02-2025
gemma-3-4b-it

Qwen3-8B
ALLaM-7B-Instruct-preview

Qwen3-4B

M
od

el

46.7 47.5 45.9 46.6 44.6 44.7 45.1 40.9 40.5 37.1 45.1 41.3 27.9
48.7 49.8 44.7 46.6 46.5 44.0 45.4 40.9 39.7 37.5 43.9 39.7 25.7
45.9 46.7 43.7 46.0 44.3 43.8 43.7 40.8 40.3 36.7 43.4 40.4 27.5
46.8 47.1 44.8 46.0 44.4 44.0 43.9 39.8 38.6 36.8 42.6 40.3 26.9
47.5 48.2 44.2 45.9 45.0 43.3 44.2 39.7 38.2 36.5 43.5 38.9 25.7
45.6 44.8 43.8 46.2 44.2 44.7 43.4 40.6 39.5 36.3 40.0 40.8 27.6
46.9 46.8 44.9 44.1 43.4 39.9 40.2 38.2 37.4 37.3 37.0 34.9 26.6
46.9 44.0 43.3 44.4 42.0 41.8 39.2 38.8 38.2 36.8 36.8 36.5 25.1
45.9 45.8 43.4 42.0 41.4 38.7 40.1 36.2 36.4 35.6 39.4 35.0 25.9
45.4 42.4 42.4 43.1 40.9 41.2 39.1 34.9 36.7 35.7 35.6 35.3 22.7
43.2 42.4 41.9 41.4 41.8 37.6 36.6 36.7 35.7 34.9 31.3 31.3 25.0
41.9 43.0 40.5 38.9 40.2 32.6 36.6 34.8 32.1 33.8 31.5 28.7 25.3
40.3 38.8 38.4 35.9 36.0 32.8 33.4 33.1 33.5 32.6 33.1 30.4 24.9
38.9 39.1 37.6 38.1 37.3 35.9 35.1 33.7 34.2 32.6 25.4 26.4 19.7
39.6 38.0 36.8 35.4 36.5 32.8 31.3 32.5 33.4 33.1 27.1 23.0 24.2
36.6 36.0 35.3 34.0 33.9 31.8 30.4 30.8 29.0 31.5 26.2 23.7 24.0
38.5 33.3 36.6 34.9 34.4 31.9 29.5 30.8 30.5 32.0 25.2 22.7 22.7
37.8 36.0 35.7 35.2 32.9 31.9 31.4 29.7 28.8 28.8 27.8 24.7 16.2
36.8 36.0 35.7 31.9 33.5 30.9 28.6 30.4 30.5 31.9 26.0 20.4 24.3
34.9 34.2 33.4 31.0 32.6 29.8 28.2 30.2 29.4 31.0 25.7 23.5 23.7
35.4 32.7 32.3 28.9 31.3 29.6 26.7 29.6 29.1 30.6 24.7 21.1 20.7
36.6 27.2 30.5 31.0 33.3 31.6 27.5 25.1 28.8 26.5 18.5 16.1 16.7
32.2 30.1 29.3 25.0 27.7 26.5 24.4 27.4 24.2 26.5 21.2 17.9 17.8
30.2 28.6 27.8 24.1 26.6 25.3 23.0 26.1 25.0 25.8 21.7 17.4 20.0

English  Dialect

SY TN SA SD LB PS JO EG OM YE MA LY MR
Dialect

71.6 72.6 67.3 68.5 66.7 64.4 64.3 64.3 64.1 60.3 63.0 57.3 59.5
71.1 71.5 67.0 67.6 65.7 64.3 63.4 63.6 63.2 60.0 62.8 57.0 60.1
71.0 71.8 67.1 67.2 65.6 64.0 63.4 63.8 63.0 59.6 62.6 56.6 59.7
70.9 71.5 65.8 66.8 64.9 63.5 62.7 63.0 62.7 59.4 63.0 56.1 60.1
69.9 70.1 66.0 66.7 65.2 63.3 62.9 62.1 62.2 58.6 61.0 55.9 55.5
69.4 70.0 65.3 65.9 64.5 62.6 62.2 62.0 61.4 58.1 60.5 55.3 55.5
68.8 69.2 64.2 65.1 63.9 62.8 61.2 61.6 60.8 58.3 60.2 55.1 52.6
68.5 67.5 64.4 65.6 63.9 63.0 61.9 61.8 60.7 57.9 58.2 54.6 49.3
68.2 67.8 63.7 64.7 63.6 62.3 60.9 61.4 59.9 57.3 59.6 54.2 51.1
68.0 67.4 64.2 64.4 63.9 62.3 61.0 61.4 59.9 57.6 57.4 54.7 48.7
67.3 67.6 62.9 64.2 62.0 61.2 60.2 59.6 59.7 57.0 58.1 53.8 51.7
66.8 65.1 63.3 63.0 62.2 61.4 60.2 60.2 58.8 56.0 55.4 53.3 47.0
65.7 65.6 61.9 61.6 60.6 60.1 59.1 59.3 56.6 55.5 54.9 51.6 46.4
65.4 63.2 62.3 61.0 60.7 60.2 59.4 59.7 57.2 56.0 52.6 52.7 45.9
65.2 63.1 61.6 61.9 61.5 60.0 59.1 59.4 57.4 55.3 53.9 52.2 45.0
64.0 60.9 59.8 58.8 59.3 58.4 57.5 57.2 55.6 54.2 53.4 50.8 45.0
63.5 60.5 59.5 59.1 58.4 58.0 57.6 57.1 55.7 53.3 50.5 50.4 42.4
62.6 58.7 60.5 60.0 57.2 57.7 58.0 57.2 55.7 53.4 49.2 50.3 44.1
63.1 62.7 59.8 58.9 57.6 57.0 57.1 56.9 54.3 53.2 50.8 49.5 41.5
62.2 59.3 58.0 58.6 56.9 56.6 55.8 55.5 54.3 52.3 51.6 49.0 41.8
61.4 58.1 59.0 57.5 56.4 55.9 56.8 56.4 54.3 51.9 48.2 49.4 40.9
57.2 52.9 56.6 54.6 52.3 52.9 53.1 53.1 51.4 49.7 43.3 46.2 39.8
56.8 55.5 53.5 51.4 50.3 51.7 51.3 51.2 48.6 46.9 45.9 45.2 38.2
53.9 50.0 54.0 51.1 48.7 49.6 50.8 49.4 48.6 47.3 39.6 44.7 37.5

Dialect  English
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Figure C.3: chrF++ scores for LLM-based machine translation on the Alexandria test set. Results cover 13 dialects
in both directions (English → Dialect and Dialect → English).

Model EG JO LB LY MA MR OM PS SA SD SY TN YE

gemini-3-flash-preview_medium 97.5 100.0 100.0 99.4 100.0 99.4 98.9 100.0 99.6 100.0 95.2 98.8 100.0
gemini-3-flash-preview_minimal 95.1 100.0 99.6 99.4 100.0 99.4 96.1 99.6 99.6 100.0 97.6 95.1 100.0
c4ai-command-a-03-2025 96.3 97.7 98.4 100.0 100.0 99.4 98.9 100.0 99.6 98.8 95.8 95.1 96.2
gpt-oss-120b 93.8 100.0 98.8 96.4 98.2 99.4 98.4 99.6 99.2 98.8 91.7 92.6 100.0
gemma-3-27b-it 91.4 97.7 96.4 97.6 100.0 97.1 98.9 99.2 98.4 95.2 91.1 96.3 100.0
aya-expanse-32b 92.6 100.0 96.0 96.4 98.8 97.1 97.7 98.8 98.4 98.8 86.3 96.3 98.8

Table C.3: Human Evaluation Gender Accuracy (Pass %) across different countries

Model EG JO LB LY MA MR OM PS SA SD SY TN YE

gemini-3-flash-preview_medium 3.94 5.00 4.78 4.03 4.73 3.13 4.85 4.87 4.98 4.64 4.07 3.21 4.74
gemini-3-flash-preview_minimal 3.86 5.00 4.78 4.01 4.65 3.13 4.90 4.89 4.96 4.71 4.06 3.16 4.74
c4ai-command-a-03-2025 3.72 4.98 4.44 3.73 4.39 3.16 4.88 4.62 4.93 4.48 4.08 2.94 4.47
gpt-oss-120b 3.58 5.00 4.46 3.62 4.36 3.10 4.89 4.62 4.87 4.69 4.00 2.78 4.35
gemma-3-27b-it 3.62 5.00 4.35 3.54 3.59 3.25 4.79 4.50 4.86 4.16 4.03 2.60 4.72
aya-expanse-32b 3.51 5.00 4.50 3.50 4.09 3.64 4.75 4.38 4.89 4.76 3.91 2.72 4.60

Table C.4: Human Evaluation Semantic Adequacy (1-5) across different countries
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Model EG JO LB LY MA MR OM PS SA SD SY TN YE

gemini-3-flash-preview_medium 3.56 4.87 4.57 4.05 4.35 3.01 4.55 4.56 4.63 4.77 3.92 3.24 4.49
gemini-3-flash-preview_minimal 3.62 4.83 4.54 3.95 4.19 3.04 4.41 4.56 4.55 4.61 3.82 3.20 4.28
c4ai-command-a-03-2025 3.31 3.95 4.14 3.30 3.78 2.27 4.22 4.12 4.36 4.23 3.80 2.85 3.66
gpt-oss-120b 3.22 3.41 3.85 2.83 3.30 2.13 4.36 3.73 4.15 3.28 3.61 2.58 3.67
gemma-3-27b-it 3.35 3.90 3.85 3.07 3.04 2.08 4.17 3.86 4.26 3.69 3.66 2.30 3.86
aya-expanse-32b 3.02 3.15 3.37 2.78 2.76 2.04 3.71 3.48 3.26 2.36 3.51 2.22 2.25

Table C.5: Human Evaluation Dialectness & Fluency (1-5) across different countries
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Figure C.4: Domain robustness analysis (Dialect →
English). The radar chart illustrates spBLEU scores for
a subset of models across all 11 domains, demonstrating
consistent performance stratification regardless of the
topic.
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Figure C.5: Human evaluation of Semantic Adequacy
vs. Dialectness across the remaining dialects other than
the ones presented in the main text. Points below the di-
agonal (y = x) indicate that models consistently achieve
higher semantic fidelity than dialectal authenticity.
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