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Background

▶ More than 7,000 “languages” are spoken today (Ethnologue, 2026)

▶ Not all languages have equal status (see https://endangeredlanguages.com)

https://endangeredlanguages.com


3/24

Background: Low-Resourced NLP

Low-resource

under-represented

minority

endangered extinct

All languages
except English!

▶ 98% of languages around the globe are low-resourced!

▶ Any language can be considered low-resourced depending on domain and task.
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Background: Languages are not monoliths

Language and Speech Technology (LST) operates on a monolithic assumption,
privileging standardized written forms and neglecting intra-language diversity.

Dutch German
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Background

Language and Speech Technology (LST) operates on a monolithic assumption,
privileging standardized written forms and neglecting intra-language diversity.

‘A’ ‘B’ standards

GermanDutch

What about all the ‘varieties’?
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Background

▶ Many studies have gone beyond the monolithic concept of a language, as for the
varieties of English (Ziems et al., 2023)

▶ LST for dialects and varieties is challenging (Zampieri et al., 2020)

▶ Non-standard varieties are limited to spoken language (almost)

▶ Differences in written language: orthographic supremacy (Lew, 2012)

▶ Lexical variations: more than 30 words for “hedgehog” in Kurdish!

▶ Loanwords and terminologies (“char” vs. “voiture”)

▶ ... and this is where we face our greatest challenge
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The Holy Grail: Data
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Manual Curation

▶ Manually-curated resources as for Arabic vernaculars (Bouamor et al., 2018) or
Swiss German (Dogan-Schönberger et al., 2021)

▶ Atlases as for Italian (De Mareüil et al., 2021)

▶ Crowd-sourcing: 180,000+ utterances across 6 dialects (>100 hours) from movies
and series (Ahmadi et al., 2024, LREC)

Variety Sentence

Standard Wir leben im Zeitalter der Technik.

Bern mir läbä im zitauter vor technik.
Graubünden miar leben im ziitalter dr technik.
St. Gallen mir lebed im ziitalter de technik.
Wallis mir läbu im zitalter der technik.
Zürich mir läbu im zitalter der technik.
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CODET (Alam et al., 2024a, EACL)

▶ Extract contrastive data from
previous studies (Italian, Basque,
Swiss German)

▶ Re-purpose contrastive data from
other sources

▶ Create new contrastive data
(Bengali, Central Kurdish)

▶ Benchmark dialects using machine
translation (MT) models

▶ Quantify discrepancies across
varieties

Languages/Varieties # Sents # Varieties

Arabic Vernaculars 12,000 25
Farsi Varieties 3071 2
Malay-Indonesian 3071 2
Swahili 1919 2
Tigrinya Varieties 3071 2

Italian Varieties 792 439
Swiss German Varieties 118 368
Basque Varieties 370 39

Bengali Varieties 200 5
Central Kurdish Varieties 300 4
Griko 163 1
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CODET: Benchmarking

▶ We evaluate CODET in the X → English direction using four different-sized
NLLB-200 in two setups:

▶ With reference: Compare dialectal output against standard reference translation

▶ Without reference: Treat non-standard sentences as adversarial or non-native
noisy inputs

⇒ A robust MT system should produce the same output for dialectal inputs
regardless of variation.
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CODET: Benchmarking

▶ MT systems excel at handling standard variants

▶ As dialectal variation deviates further from the standard, the quality of
translations decreases

▶ Possible causes: 1) spelling variation, 2) inadequate representation
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Gamification

How to collect dialectal data more efficiently? ⇒ Dia-Lingle (Sun et al., 2025,
ACL)

▶ Gamify dialectal data collection

▶ Challenge the player to outsmart an oracle

▶ Optimize using active learning

▶ Collect through feedback learning

▶ Supports five languages (Swiss German, Romansh, Kurdish, Japanese, Korean)

▶ Play Dia-Lingle: https://dia-lingle.ivia.ch/

https://dia-lingle.ivia.ch/
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Synthetic Data Augmentation

Data augmentation based on orthographies and morphology
I wrote him a letter

Character-level

I wrrotle him a legtter
I wyote him a lettep
I wtore him a lteter
I wote hm a lete

morphological analysis
(Anastasopoulos and Neubig, 2019)

Subword-level

I wroted him a letter
I wrote him a letetr
I wrote him a lether
I wrotei him a letter

language modeling
(Gulordava et al., 2018)

Syntactic-level

I wrote a letter to him
Her sibling bought a cake
My sibling saw a cake

His motorbike bought a island

classification
(Anaby-Tavor et al., 2020)

Word-level

I wrote him a book
I sent him a book

She brought him a book
We wrote him a letter

machine translation
(Alam et al., 2024b)

Orthographic-level

I wrwte him a letter
I wrote heam a leettr

I rot him a leter
Ai rot heem aa ltr

script normalization
(Ahmadi and Anastasopoulos, 2023)

* Examples inspired by Şahin’s To Augment or Not to Augment (Şahin, 2022)
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Synthetic Data Augmentation: Morphology
Using rules, convert sentences from a dialect to the standard (** synthetic sentences)
▶ Learn and apply morphosyntactic variation
▶ Map vocabulary
▶ Replace terminology
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Synthetic Data Augmentation: Orthography

▶ “Non-standard varieties are limited to spoken language” → Unconventional
Writing
- ana raye7 el gam3a el sa3a 3 el 3asr. (Arabic in Latin script, aka Arabizi)
- Twra ti na sou pw (Greek in Latin, aka Greeklish)
- mer6 pr tn mess pr mn anif (French SMS language)

▶ Script Normalization: normalization of a text written in an unconventional script
based on the conventional script and orthography

Spelling Error
Correction

Text Normalization

Transliteration

litterature

literature

ti kaneis?

τι κάνεις;

🇺🇸 🇬🇷

2023’an 2023-an
☀️

Script normalization
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Script Normalization (Ahmadi and Anastasopoulos, 2023, ACL 2023)
▶ Baseline: a naive “copy” system
▶ Ours: trained models on different levels of noise
▶ Our models dramatically improve over the baseline
▶ Including when evaluated on real data
▶ The more similar the scripts, the more difficult the normalization!
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Figure 2: The performance of our models vs. the baseline in script normalization. See Figure D.1 for all languages.

most datasets (7 out of 12) the degradation for the
naive baseline is more rapid and pronounced. Our
model does seem to handle various levels of noise:
in Sindhi, for instance, we get 75.1 BLEU score vs.
19.7 of the baseline (see bottom right SND100

URD→SND
in Figure 2).
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Figure 3: BLEU scores of the baseline and our model
evaluated on 100% noisy data. The naive baseline out-
performs our model for the settings where the differ-
ences between the noisy and “clean” data are minimal,
i.e. when the script ratio (right y-axis) is high.

For five datasets, namely, AZBFAS→AZB,
GLKFAS→GLK, MZNFAS→MZN, KASURD→KAS and
HACCKB→HAC, the naive baseline outperforms our
models. We believe that this is explained by the
level of similarity of the source and dominant
scripts, which in turn determines the difficulty of
script normalization. To quantify our assumption,
we define RA:B as the script ratio of scripts A and
B, both as two sets of characters, as follows:

RA:B =
A ∩ B

A ∪ B
× A ! B

A ∩ B

where A ! B refers to the intersection of char-
acters in scripts A and B which are mapped in the
rule-based script mapping (see §3.2) without any
other alternative in the other script while A ∩ B is
the intersection of A and B regardless of the map-
ping. Intuitively speaking, the script ratio of two
identical scripts should be closer to 1 while more
different scripts with various mappings between
characters should get a lower value. Table A.1 pro-
vides the script ratios.

Figure 3 shows the BLEU score (left y-axis)
of the baseline and our model to normalize the
datasets containing 100% noise, e.g. GLK100

FAS →GLK
along with the script ratio for each language (right
y-axis). This indicates that the normalization
model (model100) performs better where the script
ratio is relatively low (<0.6, i.e. the two scripts are
not that similar). On the other hand, the baseline
performs better for higher script ratios, because in
general the two scripts are very similar and hence
there is less “noise”. We leave for future work an
exploration as to why our transformer models fail
to even simply learn to copy their input to perform
at least on par with the baseline.

4.2 Language Identification

Language identification is the task of detecting the
language of a text, usually a sentence. It is mod-
eled as a probabilistic classification problem. As
the first downstream task, we carry out a few exper-
iments on language identification in three setups:
1. CLEAN: identifying languages without inject-

ing any noise in the datasets, i.e. the target
sentences in the parallel data. This is equiva-
lent to 0% of noise in the data.

2. NOISY: identifying languages with noisy data

Original Normalized
Sorani (Unconventional)

Eval Set BLEU chrF BLEU chrF

CKBFAS→CKB 1.2 38.4 20.1 69.6
CKBARB→CKB 0.4 19.4 12.7 65.2

Table 3: Experiments on normalization of real-world
data. The source sentences in Sorani Kurdish are writ-
ten in the unconventional scripts of Persian (CKBFAS) and
Arabic (CKBARB). Even in this challenging setting (note
how different the unconventional sentences are, as evi-
denced by low scores in the left column), model100 man-
ages to decently normalize them.

The results of the small-scale evaluation on the
real data are provided in Table 3. In these datasets,
calculating BLEU scores of the source sentences
(noisy) with respect to the reference ones (clean)
for CKBFAS→CKB and CKBARB→CKB gets to 1.2 and
0.4 points, respectively. Once the source sentences
are normalized using model100, the corresponding
BLEU scores increase to 20.1 for CKBFAS→CKB and
12.7 for CKBARB→CKB. We selected this model as
it has been trained on the most diverse training set.
We believe that such a boost in BLEU scores in-
dicates the robustness of our models to effectively
normalize unconventional writing.

4.2 Language Identification
Language identification is the task of detecting the
language of a text, usually a sentence. It is mod-
eled as a probabilistic classification problem. As
the first downstream task, we carry out a few exper-
iments on language identification in three setups:

1. CLEAN: identifying languages without inject-
ing any noise in the datasets, i.e. the target
sentences in the parallel data. This is equiva-
lent to 0% of noise in the data.

2. NOISY: identifying languages with noisy data
at various levels, starting from 20% of noise
and gradually increasing 20% up to 100%.
We combine all data with all levels of noise
in a separate dataset referred to as ALL.

3. MERGED: merging CLEANwith ALL dataset, i.e.
with all noisy data.

We use the Tatoeba sentence dataset5 for data in
Persian, Urdu and Arabic, with additional data for
Urdu from the TED corpus on Opus (Tiedemann,

5https://tatoeba.org

Noise % Model P@1 R@1 F@1 P@2 R@2 F@2

0 ours 0.52 0.54 0.51 0.32 0.64 0.32
fastText 0.69 0.69 0.69 0.39 0.78 0.39

20 ours 0.93 0.93 0.93 0.48 0.97 0.48
fastText 0.71 0.71 0.71 0.44 0.89 0.44

40 ours 0.91 0.9 0.91 0.48 0.96 0.48
fastText 0.56 0.56 0.56 0.38 0.76 0.38

60 ours 0.9 0.9 0.9 0.48 0.96 0.48
fastText 0.41 0.41 0.41 0.31 0.63 0.31

80 ours 0.9 0.9 0.9 0.48 0.96 0.48
fastText 0.37 0.37 0.37 0.28 0.57 0.28

100 ours 0.89 0.89 0.89 0.48 0.96 0.48
fastText 0.37 0.37 0.37 0.28 0.57 0.28

All ours 0.91 0.91 0.91 0.48 0.96 0.48
fastText 0.48 0.48 0.48 0.34 0.68 0.34

Merged ours 0.72 0.72 0.72 0.4 0.8 0.4
fastText 0.69 0.69 0.69 0.4 0.79 0.4

Table 4: The performance of language identification us-
ing the pretrained fastText model as the baseline in com-
parison to our model trained on our datasets with vari-
ous noise levels. Our model handles different levels of
noise (rows 20 to All) and outperforms the baseline that
is only trained on “clean” data. Models with the highest
F1 measure in first suggestions (F@1) are bold.

2012). To tackle data imbalance, we downsampled
all the datasets to only include 6000 sentences for
each language6. In the MERGED setup where there
are 12,000 sentences per language (half noisy,
half clean), additional sentences (clean) in Persian,
Urdu and Arabic are added to avoid data imbal-
ance. Finally, we then split datasets into train
and test sets with an 80-20% split. To train su-
pervised language identification models, we use
fastText (Bojanowski et al., 2017) with subword
features with minimum and maximum character n-
gram sizes of 2 and 4, word vectors of size 16 and
hierarchical softmax as the loss function.
Table 4 presents the results of the performance

of our models in comparison to fastText’s lan-
guage identification model trained on data from
Wikipedia, Tatoeba and SETimes on 176 lan-
guages,7 including, Persian, Arabic, Urdu, Sindhi,
Sorani and Mazanderani. Although Azeri Turkish
is supported, it is not clear which script it is trained
on in fasText. The results are reported based on
precision, recall and F1 score of the first and sec-
ond detection of the models, respectively denoted
by ‘@1’ and ‘@2’. SinceGorani andGilaki are not
among the Fairseq-supported languages, we focus
our analysis on the top-two predictions (@2) to en-

6Kashmiri had only 4700 instances.
7As of January 2023.
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Figure 2: The performance of our models vs. the baseline in script normalization. See Figure D.1 for all languages.

most datasets (7 out of 12) the degradation for the
naive baseline is more rapid and pronounced. Our
model does seem to handle various levels of noise:
in Sindhi, for instance, we get 75.1 BLEU score vs.
19.7 of the baseline (see bottom right SND100

URD→SND
in Figure 2).
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Figure 3: BLEU scores of the baseline and our model
evaluated on 100% noisy data. The naive baseline out-
performs our model for the settings where the differ-
ences between the noisy and “clean” data are minimal,
i.e. when the script ratio (right y-axis) is high.

For five datasets, namely, AZBFAS→AZB,
GLKFAS→GLK, MZNFAS→MZN, KASURD→KAS and
HACCKB→HAC, the naive baseline outperforms our
models. We believe that this is explained by the
level of similarity of the source and dominant
scripts, which in turn determines the difficulty of
script normalization. To quantify our assumption,
we define RA:B as the script ratio of scripts A and
B, both as two sets of characters, as follows:

RA:B =
A ∩ B

A ∪ B
× A ! B

A ∩ B

where A ! B refers to the intersection of char-
acters in scripts A and B which are mapped in the
rule-based script mapping (see §3.2) without any
other alternative in the other script while A ∩ B is
the intersection of A and B regardless of the map-
ping. Intuitively speaking, the script ratio of two
identical scripts should be closer to 1 while more
different scripts with various mappings between
characters should get a lower value. Table A.1 pro-
vides the script ratios.

Figure 3 shows the BLEU score (left y-axis)
of the baseline and our model to normalize the
datasets containing 100% noise, e.g. GLK100

FAS →GLK
along with the script ratio for each language (right
y-axis). This indicates that the normalization
model (model100) performs better where the script
ratio is relatively low (<0.6, i.e. the two scripts are
not that similar). On the other hand, the baseline
performs better for higher script ratios, because in
general the two scripts are very similar and hence
there is less “noise”. We leave for future work an
exploration as to why our transformer models fail
to even simply learn to copy their input to perform
at least on par with the baseline.

4.2 Language Identification

Language identification is the task of detecting the
language of a text, usually a sentence. It is mod-
eled as a probabilistic classification problem. As
the first downstream task, we carry out a few exper-
iments on language identification in three setups:
1. CLEAN: identifying languages without inject-

ing any noise in the datasets, i.e. the target
sentences in the parallel data. This is equiva-
lent to 0% of noise in the data.

2. NOISY: identifying languages with noisy data
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Script Normalization (Ahmadi and Anastasopoulos, 2023, ACL 2023)
1. Language identification (LID)

▶ Compare LID with and without normalization
▶ Terrible performance by any existing model
▶ Models trained on normalized datasets improve the F-scores
▶ Closely-related languages (scripts) are confused!

Effect of Unconventional Writing
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Script Normalization: Extrinsic Experiments

1. Language identification (LID)

2. Machine Translation (MT)
▶ Evaluate MT with and without normalization
▶ Terrible performance on noisy data (NLLB as baseline)
▶ Models trained on normalized datasets improve the F-scores

Mitigating the Effect of Unconventional Writing

2

Train a Normalization model
    (Encoder-decoder, self-attention based)
Evaluate its effect on Machine Translation
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Participatory Research
▶ Mobilize communities for data collection (and research) (Nekoto et al., 2020)
▶ Parallel corpora for under-represented Middle Eastern languages:

PARME (Ahmadi et al., 2025, ACL)
▶ 45 contributors translated 36,384 sentences into eight severely under-resourced

ME languages (18-23M speakers)
▶ No standard variety ⇒ 18 varieties written in seven orthographies!

PARME: Parallel Corpora for Low-Resourced Middle Eastern Languages
Sina AhmadiA,* Rico SennrichA

Erfan KaramiD Ako Marani@ Parviz Fekrazad@ Gholamreza Akbarzadeh Baghban@
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Abstract

The Middle East is characterized by remark-
able linguistic diversity, with over 400 million
inhabitants speaking more than 60 languages
across multiple language families. This study
presents a pioneering work in developing the
first parallel corpora for eight severely under-
resourced varieties in the region—PARME,
addressing fundamental challenges in low-
resource scenarios including non-standardized
writing and dialectal complexity. Through
an extensive community-driven initiative, vol-
unteers contributed to the creation of over
36,000 translated sentences, marking a sig-
nificant milestone in resource development.
We evaluate machine translation capabilities
through zero-shot approaches and fine-tuning
experiments with pretrained machine transla-
tion models and provide a comprehensive anal-
ysis of limitations. Our findings reveal signifi-
cant gaps in existing technologies for process-
ing the selected languages, highlighting critical
areas for improvement in language technology
for Middle Eastern languages.1

1 Introduction

The Middle East, also known as West Asia or
Southwest Asia–a region roughly bounded by
Turkey to the north, Iran to the east, Yemen to the
south, and Egypt to the west–stands as a crucial
crossroads of civilizations, where geopolitics, eco-
nomics, and millennia of history converge. This

1Corpora and models: DOLMA-NLP/PARME
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Figure 1: Distribution of languages in the Middle East
according to Glottospace (Norder et al., 2022). Gray
circles represent documented languages in the region,
while colored areas show the approximate distribution
of the varieties discussed in this paper. Talysh, South-
ern Kurdish and Hawrami are spoken across borders.

region, home to over 400 million people, contains
a linguistic diversity that often goes unrecognized
beneath its complex cultural, religious, and polit-
ical dynamics. While Arabic, Persian, Turkish,
and Hebrew dominate official and administrative
spheres, the region encompasses numerous distinct
languages spanning multiple families, including
Afroasiatic, Indo-European, Caucasian and Turkic.
This rich linguistic landscape, frequently oversim-
plified due to prevailing political narratives, not
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Figure 2: Number of translated sentences (→103) with
the number of dialects and volunteers per language.
36,384 sentences are translated by 45 volunteers in
eight languages in 10 weeks.

3.3 Quality Control
To ensure corpus quality, translators were per-
mitted to skip sentences containing inconsisten-
cies, spelling errors, code-switching, or named
entities. These criteria helped maintain focus
on cleanly translatable content while avoiding
potential sources of confusion or inconsistency.
Our quality control mechanisms included marking
empty translations for exclusion from the final cor-
pus and also, requiring translators to maintain con-
sistent orthography throughout their work, and pre-
serving source text as-is, to maintain parallel align-
ment integrity. Additionally, at least two transla-
tors were assigned to check the translations and as-
sess quality at the end of the translation initiative.

3.4 Corpora Statistics
Figure 2 illustrates the size of PARME which
overall contains 36,384 translation pairs with Luri
Bakhtiari (BQI) and Southern Kurdish (SDH) hav-
ing the least and the most number of translations,
respectively. All the translations are parallel with
references in English and Persian, except Zazaki
which has references in English and Northern
Kurdish. An analysis of length distributions across
the languages, shown in Figure C.1 for all the par-
allel corpora and in Figure C.2 for the test sets, re-
veals that Persian sentences typically contain more
tokens (8-12) than English (4-8), while transla-
tions closely follow English token patterns. This
systematic difference persists across all languages,

Figure 3: Cross-lingual coverage matrix showing paral-
lel sentence distribution across our selected languages.
Each cell indicates the number of shared sentences be-
tween language pairs. All translations are parallel with
references in English and Persian, except for Zazaki
having references in English and Northern Kurdish.

suggesting variations in how these languages and
their orthographies encode information at the word
level. In the case of Zazaki (ZZA), a perfectly over-
lapping distribution of the reference languages (En-
glish and Northern Kurdish), all written in a Latin-
based orthography, can be observed. Additionally,
we provide a coverage matrix in Figure 3 to show
the number of parallel sentences cross-lingually.

3.5 Evaluation Set

Given that rigorous evaluation is crucial for as-
sessing MT performance, creating a representative
evaluation test set requires careful considerations.
In cases where a standardized form of the language
is unavailable, the test set could uniformly rep-
resent all major dialects. As such, we set up a
methodical approach to dataset splitting with sen-
tences in the test set selected sequentially from the
parallel corpora according to the following criteria:
A. data contamination is avoided, i.e., if a sen-

tence is translated into more than one dialect,
they are both included in the same split;

B. selected sentences are consistently written in
one orthography;

C. for languages lacking a standard form, a bal-
anced distribution of dialects is ensured;

D. and finally, sentences that are translated
across the highest number of languages in
PARME are prioritized to be included in the
test set.
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Participatory Research

▶ Considerable performance disparities

▶ Not intrinsic translation difficulty

▶ Varying degrees of representation in data

▶ Linguistic proximity to the source material
Jawero (ژاوەرۆ) Sahneyi  (یی)س(حن) Western (بيه پس) 

Lhon (لهۆن) Takht (خت)ت) Jalalwandi  
 (ج(لالوەندی)

Kakawandi  
 (کاکاوەندی)

Badrei  (درەیی)ب) 

Pehley 
 (پاC(یی) 

Kalhori  
 (ک(لهوڕی) 

Krmashani  (کرماشانی) Eastern (بيه پيش) 

Laki Kurdish (LKI) Gilaki (GLK) Hawrami (HAC) Southern Kurdish (SDH) 

Baseline 
P 
PM 
PV 
PMV 
PL 
PMVL 
PMLZazaki 

Figure 3: Performance across dialects and model configurations. Each radar chart displays mean BLEU scores
from three randomly initialized models for different dialects. Greater extension of curves toward a dialect’s axis
indicates higher translation performance for that specific dialect.

moving one language’s data deteriorates perfor-
mance for that language, visible in the perfor-
mance drops along the curves. However, several
notable cross-language dependencies emerge. Re-
moving Talysh (TLY) data negatively impacts Gi-
laki (GLK) and Mazandarani (MZN) performance,
while removing Luri Bakhtiari (BQI) data hurts
Hawrami (HAC) and Southern Kurdish (SDH).
The dependencies manifest asymmetrically, with
Zazaki (ZZA) exhibiting both high vulnerability to
the removal of its own data and relative resilience
to the removal of others, corroborating our earlier
observations of its unique behavior.

C: Performance varies depending on the variety
Gilaki, Hawrami, Laki and Southern Kurdish in-
clude sentences of different varieties/dialects in the
test set making cross-dialectal evaluation possible.
Figure 3 provides our analysis results for these lan-
guages revealing considerable performance dispar-
ities within each language. While in Hawrami, the
Jawero dialect achieves substantially higher BLEU
scores than Takht and Lhon, particularly with PM
and PMV configurations, the performance of the
models for Eastern and Western varieties of Gilaki
is more consistent. Similarly, for Laki Kurdish,
the Sahneyi variety benefits more from our fine-
tuning approaches than Kakawandi and Jalalwandi
varieties. Southern Kurdish shows more balanced
performance across its dialects, though Badrei and
Krmashani tend to receive slightly higher scores.
Nevertheless, we caution against concluding that
certain varieties are inherently more difficult to
translate, as train and validation sets do not equally
represent all varieties, and the test set does not con-
tain the same sentences translated across different
varieties. These observed differences may instead

reflect varying degrees of representation in train-
ing data or linguistic proximity to the source mate-
rial rather than intrinsic translation difficulty.

5 Conclusion and Discussion

This paper sheds light on eight low-resourced Mid-
dle Eastern languages by fine-tuning a pretrained
MT model using different sources of data, from
manually translated and aligned sentences to au-
tomatically aligned and automatically-translated
ones. Our experiments demonstrate three key
findings. First, data quality consistently outper-
forms quantity as a determinant of translation ac-
curacy, with the manually aligned (M) data provid-
ing the most substantial improvements despite its
relatively smaller size. Second, we observed com-
plex cross-linguistic transfer effects where adding
data for one language sometimes adversely af-
fects performance for others, highlighting the im-
portance of strategic dataset selection in multilin-
gual systems. Third, we found significant perfor-
mance variations across dialectal varieties within
the same language. While our models perform
well on all languages in comparison to the base-
line, achieving 15.46 BLEU score for Hawrami at
the highest, there remains substantial room for im-
provement.

Limitations Despite these advances, our work
has several limitations. First, we explored only
a limited set of open-weight LLMs for data
augmentation; future work could investigate a
broader range of models, such as MADLAD-
400 (Kudugunta et al., 2023) and Mistral (Jiang
et al., 2023), and in-context learning strategies.
Second, our automatic alignment approach relies
on embeddings from closely-related languages,
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Takeaways

▶ Creative data collection methods can bridge resource gaps

▶ There are significant performance discrepancies across different varieties

▶ Dialect-aware NLP should account for orthographic, lexical, and morphosyntactic
variations

▶ LLMs? → “significant challenges persist in dialect identification, generation, and
translation” (Mousi et al., 2025)

▶ More robust metrics to not penalize spelling variation

▶ Still a lot of room for improvement

▶ The path forward: moving from discrete modeling toward continuous
variation modeling
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