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Abstract
This work introduces a dialect-aware text filtering framework to pre-process, clean, and enhance large text corpora,
creating variety-specific sub-corpora for neglected language varieties. We apply our framework to Kurdish, a
language with rich dialectal diversity, which presents significant challenges for Natural Language Processing due
to its low-resource status and the noisy nature of available text corpora. Leveraging lexicographic features, we
assign multi-language-labels to text instances and synthesize over 130 dialect specific corpora from large “noisy”
data sets containing unlabeled mixtures of Kurdish varieties, representing to our knowledge the largest collection
of dialect-specific Kurdish NLP resources to date. This work contributes to the creation of low-resource language
technology foundations, especially dialect-specific NLP applications. Specifically, we advance research on Kurdish
languages by providing insights into the linguistic relationships among Kurdish varieties.

Keywords: low-resource NLP, Kurdish dialect continuum, non-English data curation, corpus synthesis, lan-
guage varieties, dialect filtering, text corpus creation, multi-labels

1. Introduction

Kurdish is a language family of rich dialectal di-
versity (Gündoğdu et al., 2019) and severely lim-
ited natural language processing (NLP) resources
(Maulud et al., 2023). Table 1 captures only the
varieties with established ISO codes and some
digital presence, yet even for these, basic NLP
tools are largely absent. The vast majority of Kur-
dish varieties do not appear in this table at all and
can be considered effectively zero-resource lan-
guages. Compounding this, the text data that does
exist is largely conflated: large corpora drawn
from the web blend dialect varieties without label-
ing them as such, rendering individual varieties in-
visible to standard processing pipelines (Bender,
2011; Joshi et al., 2020). We refer to such corpora
as “noisy”, due to the lack of finer language labels.

The macro language Kurdish (kur)1 serves as
an umbrella term, sometimes covering without dis-
tinction the many language varieties underneath
it. Without the ability to detect and identify dialect-
specific data, such varieties remain nothing more
than non-identifiable noise in data sets. This is fur-
ther complicated by inconsistent naming conven-
tions across the literature, media, and language
databases, where the same variety may appear
under multiple identifiers, or multiple varieties may
share a single label.

Despite exciting progress in Kurdish NLP
(Morad et al., 2024; Ahmadi et al., 2024; Maulud

1https://iso639-3.sil.org/code/kur
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Figure 1: Dialectal filtering to derive dialect-
specific text corpora from mixed data sources.

et al., 2023), existing corpora still suffer from two
critical problems. First, mixed varieties, especially
in web-scraped data, often blend dialects with-
out clear boundaries (Ahmadi, 2019). Second,
weak language identification (LID) tools struggle to
distinguish Kurdish from similar or dissimilar lan-
guages, let alone differentiate closely related va-
rieties (Ball and Garrette, 2018). These issues
hinder NLP progress for Kurdish varieties, espe-
cially for underrepresented sub-dialects. Recent
advances in large-scale data curation (Penedo
et al., 2024b; Li et al., 2024) offer promising filtering
pipelines, but they rely on established language
codes and thus cannot reach varieties at or near
the zero-resource barrier.
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Northern Kurdish 3 3 3 3 7 3 3 3 3 3 3 3 3 3
Central Kurdish 3 3 3 7 3 3 3 3 3 3 3 3 3 3
Southern Kurdish 3 3 3 7 7 7 7 7 3 3 7 7 7 7
Zazaki 3 3 7 7 7 7 3 3 7 3 7 7 7 7
Hawrami 3 3 7 7 7 7 7 7 3 3 7 7 7 7
Laki 3 7 7 7 7 7 7 7 3 7 7 7 7 7

Table 1: NLP landscape for some selected Kurdish languages, modified from (Ahmadi et al., 2025).

Our approach addresses this limitation. Rather
than relying on LID tools, we leverage small but lin-
guistically precise dialect-specific word lists as in-
dicators to identify dialectal noise in large corpora
and recover variety-specific text from it (see Fig-
ure 1). Our contributions are:

1. A linguistically-grounded, rule-based filtering
framework for synthesizing dialect-specific
sub-corpora from large, unlabeled text collec-
tions, applicable to any language with similar
characteristics.

2. The largest collection of dialect-specific Kur-
dish NLP resources to date: 138 new variety-
specific sub-corpora derived from previously
conflated data, with all code publicly avail-
able2.

2. Related Work

2.1. Kurdish Dialectology
The distinction between language and dialect is
often arbitrary, influenced by sociopolitical factors,
but ultimately it should suit the scope of the investi-
gation at hand (Scherrer, 2012). Dialect generally
refers to a variety of a language used by a partic-
ular group of people who are regarded as a single
social or linguistic entity (Chambers and Trudgill,
1998). Chambers and Trudgill (1998) speak of a
dialect continuum once a set of dialects are etymo-
logically related. Languages and their speakers
interact and intermingle, such that prolonged ex-
posure to another language often leads to vocabu-
lary borrowing and mutual influence among its na-
tive speakers (Tavadze, 2019). Some languages
are known to make heavy use of loanwords from
other languages (Matras, 2019) (e.g., some Kur-
dish dialects incorporate Arabic, Farsi and Turkish
words).

Kurdish is not a monolithic language, but a col-
lection of varieties forming a dialect continuum
(Chambers and Trudgill, 1998), where adjacent

2https://github.com/
christianschuler8989/
KurdishDialectFilters

dialects tend to be mutually intelligible, yet dis-
tant ones may not be (Khalid, 2020). Ozek et al.
(2021) report a rather low mutual intelligibility of
a Northern Kurdish and a Zazaki dialect spoken
in the province of Elazığ in Turkey. This con-
tinuum, coupled with the use of multiple scripts
(Latin, Arabic, Cyrillic) and influences from neigh-
boring languages, complicates language identifi-
cation and processing. Table 2 illustrates the di-
versity of Kurdish dialects with examples for Cen-
tral Kurdish found in (Alam et al., 2024a), and col-
lected phrases of Northern Kurdish and Hawrami.
This complexity is further reflected in the incon-
sistent naming conventions found across the lit-
erature, media, and language databases. A sin-
gle variety may carry multiple spellings of its own
name and be additionally identified by the loca-
tions where it is spoken: the variety known as
Shabak, for instance, appears under at least six dif-
ferent spellings as well as regional identifiers. Fur-
thermore, several major dialect groups are com-
monly known by the name of their most promi-
nent sub-variety (Northern Kurdish by Kurmanji,
Central Kurdish by Sorani, Southern Kurdish by
Palewani, Gorani by Hawrami), which effectively
conceals the less prevalent varieties sheltering be-
neath each umbrella term. For more details about
the Kurdish dialect landscape, we refer to Ma-
tras (2019)’s work that presents a rich overview of
Kurdish dialect geography and a hypothetical his-
torical scenario for how this dialect differentiation
came to be.

Central Kurdish (ckb)
Standard َ؇ᄍჳم ނިو ݆݁
Ardalanî َ؇ۊިازم ژن ݆݁
Babanî َ؇٧۱ࡡࡲ ژن ݆݁
Hewlêrî َ؇ٞࡡࡲ ሏᇃژ فۯ݆݁
Mukrî َ؇٧۱ࡡࡲ ژن فۯ݆݁
English I don’t marry

Northern Kurdish (kmr)
Standard Ez westiyayî me
Bahdînî Ez yê westiyayî me
Efrînî E ri’eti me
Kobanî Ez-î westiyayî me
Qamişlokî Ez te’bî me
Khorasani Ez westî me
Khorasani Ez westiya me

Central Kurdish (ckb)
Sulaymaniyah ݁؇ࢾࣖووم

Hawrami (hac)
Hawraman Manîyane
English I am tired

Table 2: Some dialectal variations in Kurdish.

https://github.com/christianschuler8989/KurdishDialectFilters
https://github.com/christianschuler8989/KurdishDialectFilters
https://github.com/christianschuler8989/KurdishDialectFilters
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2.2. Data Curation
According to Ali et al. (2025), research efforts on
developing data curation pipelines for large-scale
web data have soared recently (Su et al., 2025;
Penedo et al., 2024a; Li et al., 2024). However,
those efforts tend to rely on established language
codes and rarely cover dialects, which would ben-
efit greatly from such data curation initiatives.

Language Identification Kurdish corpora pose
particular challenges for automated processing. A
lack of orthographic standardization produces in-
consistent spelling across sources, including vari-
ation in diacritics such as î, û, and ê in Latin-
script Kurmanji (Esmaili et al., 2013). This com-
pounds the difficulty for LID tools, of which re-
cent years have nonetheless seen remarkable ad-
vances, including GlotLID (Kargaran et al., 2023)
and even Kurdish-centric KurdishLID (Ahmadi
et al., 2023b) and strongly related PALI (Ahmadi
et al., 2023a), a LID benchmark for Perso-Arabic
scripts. Kurdish-focused investigations (Hassani,
2021) and language-specific work such as for
Hawrami (Khaksar and Hassani, 2024) have ad-
vanced the field. But less dominant varieties are
still severely neglected.

Dialectal variations, as described above, are cur-
rently still missing from most tools and datasets.
Dialect identification may be more effective when
approached as a multi-label classification problem
rather than the traditional single-label approach
(Bernier-colborne et al., 2023). This is in line with
our use of multi-labels, instead of traditional single-
language labels.

Multilingual or non-English Data The extent to
which text corpora can cover language varieties is
directly limited by the LID tool used. To cover many
languages, mmBERT (Marone et al., 2025) was
additionally trained on non-English data selected
from FineWeb2 (Penedo et al., 2025), which itself
relies on GlotLID (Kargaran et al., 2023) for LID.
The FineWeb2 dataset (Penedo et al., 2025) re-
ports that they deliberately avoid machine learn-
ing filtering methods as these are known to dis-
proportionately remove content in specific dialec-
tal varieties (Blodgett et al., 2016). Similar con-
cerns prompted us to employ a lexicon-informed
rule-based approach which can later be expanded
to morphological, syntactic, phonological, or other
linguistic features.

2.3. Linguistic Features
The use of linguistic features has been shown to
enhance NLP for under-resourced language vari-
eties in different ways. (Nădejde et al., 2017) in-
troduce a way to integrate syntactic information,

which (Sánchez-Cartagena et al., 2020) find to be
beneficial with other information such as morpho-
logical tags. (Murthy et al., 2019) report very good
results for very-low-resource languages when ap-
plying syntactic reordering during transfer learn-
ing. Morphologically-aware, dictionary-based data
augmentation has improved Kurdish MT (Alam
et al., 2024b).

Lexicographic Features Due to the nature of
the available data and with the goal of cover-
ing as many Kurdish varieties as possible, this
study is limited to lexicographic features. For
our use-case, lexicographic features already pro-
vide a strong foundation as related studies have
shown. Our approach starts from minimal di-
alectal data and derives unique lexicons which
aligns with efforts of weakly supervised corpus
building (King and Abney, 2013; Blodgett et al.,
2016). In corpus linguistics and dialectology, ex-
tracting words that are unusually characteristic of
one variety compared to another is routine and
some work explicitly uses these lists for classifi-
cation or filtering (Rayson, 2008; Sanders, 2010).
Our decision to exclude words that appear in high-
resource languages (e.g. English loans) aims to
avoid false positives and our unique word lists
serve as a rigorous way to create lexically pure
seeds that can safely be used to tag sentences
as high-confidence candidates. Similar lexicon-
based approaches are used in code-switching and
mixed-language studies (Solorio and Liu, 2008)
and lexicon-based LID (King and Abney, 2013).
Lexically distinctive items (dialect‑specific words,
spellings, or function words) have successfully
been used for dialect identification DID (Zaidan
and Callison-Burch, 2014; Zampieri et al., 2017)
in the past. Surveys on low‑resource NLP (Pakray
et al., 2025; Nekoto et al., 2020) repeatedly empha-
size lexicons and dictionaries as key assets when
corpora and labels are scarce. Finally, computa-
tional work on Kurdish itself often notes the scarcity
and fragmentation of lexical resources, such that
some projects focus explicitly on building lexicons
or lexically grounded tools (Asadpour, 2023). For
example, Hassani (2021) applied the Jaro mea-
sure on Swadesh lists (207 commonly used words)
to calculate the similarity and difference between
pairs of Kurmanji, Sorani, Hawrami, and Zazaki.

3. Methodology

3.1. Target Varieties
Initially, we collected identifiers used for Kurdish
varieties in language databases (e.g., Glottolog),
science, media, and via personal correspondence
in an attempt to create a complete map of Kurdish
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Figure 2: Simplified overview of pipeline for language and dialectal filtering of text from large corpora.

dialectology (Schuler and Ahmad, 2023). Due to
different spellings and location names often used
to denote varieties, such as Mosul for Shabak,
we ended up with 620 different identifiers for lan-
guages that are either Kurdish varieties, or ap-
peared in a related context. We manually aggre-
gated these to a set of 183 varieties, for which we
try to derive new text corpora, culminating in 138
new corpora.

3.2. Data Filtering

Figure 2 illustrates the three types of corpora serv-
ing as starting points from where data is moved
through our pipeline. Our method of filtering
variety-specific data requires linguistic features,
which can be used with high confidence to iden-
tify text by being unique to a specific dialect. The
current focus is on lexicographic features, which in-
cludes: variety-specific vocabulary (words unique
to dialects, e.g. regional terms) drawn from dialect
corpora.

Any word found in a new sentence, which is
shared among dialects and languages, does not
provide much information for identifying the exact
language to which the sentence belongs to. How-
ever, using a rare word, which is known to only be
found in text data from a very specific language
variety, and looking it up in a text corpus, should
result in matches which can be seen as strong in-
dicators for having found text data that actually be-
longs to this variety.

While linguistic publications may provide linguis-
tic features of a higher confidence and less noise,
they are difficult to parse and do not yet cover many
of the Kurdish varieties in such detail. Words of
a language or dialect can directly be drawn from
text data, if some is available. We created variety-
specific word lists, for as many Kurdish dialects as

possible and refined them to include only “unique”
words absent from the lists of other varieties. Re-
straining the filtering to only consider those words
that are unique in our available data seems to
run counter to the spirit of reflecting a dialect con-
tinuum, as it neglects vocabulary shared across
close varieties. However, this approach better re-
flects the high-precision character of this work and
focuses on making more reliable predictions dur-
ing dialect-specific data sample identification. As
the resulting sub-corpora will have a higher validity,
they can then inform rule refinement in an iterative
development process. Later, the uniqueness con-
straint can be relaxed, once the aggregated dialect
filter rules have been validated via e.g. human-
based evaluation studies.

On the other side of this filtering method are
large corpora, often created via web-crawling and
known to contain considerable amounts of ‘dialec-
tal noise’, i.e. a mix of unlabeled dialect varieties.
This is the kind of text data which is close enough
to the standard variant of a language, such that it
sometimes gets identified by LID tools, or simply
shares the same websites it appears on. For each
line of text from a corpus, we try to find matches
in our dialectal word lists. Once found, we as-
sign language-labels, which based on the pres-
ence of unique words from multiple variety-specific
lists can be more than one. This means that a sen-
tence with unique words from multiple varieties re-
ceives multiple language variety labels, which we
call multi-labels and reflect the Kurdish dialect con-
tinuum. Finally, we extract all sentences with at
least one unique word from a variety into its sub-
corpus (e.g., the Kobani sub-corpus includes sen-
tences with Kobani-specific words, but the same
sentences can also appear in other sub-corpora).



1509

3.3. Multi-label Classification
Natural language use rarely aligns with clean,
single-variety boundaries: a speaker may draw on
vocabulary from multiple related varieties within a
single sentence, particularly across a dialect con-
tinuum such as Kurdish. Rather than forcing a
single language label onto each data sample, we
therefore introduce a more expressive system in
which multiple language varieties may be associ-
ated with one sentence, which we call multi-labels.
Additionally, we keep track of the exact source and
reasoning behind each label. This starts with the
language label, which is usually provided by the
original authors and publishers of the text data.
These, as well as most labels, we only treat as
indicators, or candidate labels, since language va-
rieties often get mixed up due to various reasons.
For new label candidates, we store additional in-
formation, such as the confidence score from LID
tools (e.g. GlotLID or KLID) or, as planned in fu-
ture work, the language proficiency of human an-
notators.

In the case of our lexicographic filtering, the
exact words that were used during the process
to derive the new language label candidates are
tracked. This approach combines two important
benefits: First, it allows people to make educated
decisions about how to use the resulting text data.
In cases that require high precision, e.g. due to
sensitive contexts, a selection by annotator agree-
ment and confidence extracts the most valid sub-
set. Yet other use cases might be able to bene-
fit even from noisy data, in which case each en-
try with even a single label candidate can be ex-
tracted for experiments. Second, keeping track of
these details individually allows us to evaluate and
re-evaluate the filtering processes down to single
filter rules and data samples. For instance, know-
ing whether a label was assigned by an automated
LID tool or by a native speaker with linguistic ex-
pertise can significantly shift a researcher’s trust
in that label.

4. Experiments and Results

4.1. Data Sources
Dialect Corpora Our work builds on linguistic
features drawn from various sources, as linguis-
tic databases rarely include dialectal variations.
Hence, we turned to related literature e.g. Haig
and Öpengin (2018)’s description on dialectal vari-
ations of Northern Kurdish, various word lists from
Wikipedia pages e.g. Zimanê kurdî3, and Matras
(2016)’s Database of Kurdish Dialects.

3https://ku.wikipedia.org/wiki/Zimanê_
kurdî

While Matras (2016) provides more than 42,000
entries from 109 different locations, it should be
noted that these stem from recorded speech sam-
ples that were later transcribed, introducing noise
and errors in various ways, necessitating extensive
pre-processing. In addition, we draw data from rel-
evant work (Ahmadi et al., 2025; Haig et al., 2024;
Ahmadi et al., 2024; Ahmad and Schuler, 2023):
PARME (Ahmadi et al., 2025) with 22, and WOWA
(Haig et al., 2024), with 8 varities of Kurdish, (Ah-
madi et al., 2024) with 6 varieties of Central Kur-
dish, and one more dataset which includes a North-
ern Kurdish dialect.

Language Total Lines Unique Words
ckb 75.0K (196.32) 87.1K (21.48)

ckb-Arab 90.9K (14.64) 77.2K (3.56)
ckb-Latn 91.7K (16.72) 71.0K (2.78)
ckb-rud 59.7K (177.04) 164.2K (5.59)
ckb-sah 77.7K (193.27) 126.3K (5.24)

ckb_Arab 3.1K (169.40) 23.8K (6.40)
ckb_Latn 815.0 (118.47) 4.2K (9.75)

hac 26.9K (601.94) 259.0K (16.77)
hac_Arab 2.4K (122.57) 17.7K (5.44)
hac_Latn 205.0 (5.02) 218.0 (4.39)

kmr 310.7K (322.23) 368.8K (30.68)
kmr_Arab 4.0K (170.61) 19.5K (9.30)
kmr_Latn 2.5K (144.33) 9.4K (9.55)

sdh 11.9K (28.33) 12.5K (9.53)
sdh-fey 80.9K (171.73) 229.8K (5.15)

sdh_Arab 2.4K (154.84) 19.4K (5.22)
zza 79.5K (123.37) 144.3K (8.90)

zza_Latn 5.0K (95.99) 22.8K (10.08)

Table 3: Data from Kurdish language corpora, av-
erage length in brackets.

Language Corpora There exist a few text cor-
pora specifically created for Kurdish languages.
For Central Kurdish this includes AsoSoft (Veisi
et al., 2020), Sorani UniMorph (Ahmadi and Mah-
mudi, 2023), Kurdish News Dataset Headlines
(KNDH) (Badawi et al., 2023), and the Kurdish
Textbooks Corpus (KTC) (Abdulrahman et al.,
2019). For Northern Kurdish we include the Cor-
pus of Contemporary Written Kurdish (CCWK)
(Incekan and Haig, 2021), the Corpus of Con-
temporary Kurdish Newspaper Texts (CCKNT)
(Haig, 2001), Kurmanji UniMorph (Cotterell et al.,
2017), a Dataset for Kurmanji Lemmatization and
Spell-Checker (KLSC) (Hoshyar Mustafa and Nabi,
2022), and Twitter data (Kurt, 2020). Multiple Kur-
dish languages can be found in the Pewan corpus
(Esmaili et al., 2013), (Ahmadi, 2020), (Ahmadi
et al., 2019), and (Ahmadi et al., 2022) (see Ta-
ble 3 for the amounts of data per language).

Large Corpora Since most large multilingual
corpora omit Kurdish varieties entirely, we cast a

https://ku.wikipedia.org/wiki/Zimanê_kurdî
https://ku.wikipedia.org/wiki/Zimanê_kurdî
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Language Total Lines Unique Words
ku 642.0K (383.99) 919.1K (23.78)
kur 14.5K (67.91) 38.2K (4.53)
ckb 2.3M (735.06) 2.8M (20.90)
kmr 610.2K (294.10) 925.4K (7.98)

ku_Latn 505.2K (60.35) 400.6K (4.59)
zza 202.0 (514.50) 6.9K (6.61)

Table 4: Kurdish languages in large text corpora,
average length in brackets.

wide net by including any corpus that reports cover-
age of at least one Kurdish language. To serve as
“Large Corpora”, we include CCAligned (El-Kishky
et al., 2020), mC4 (Xue et al., 2021), NLLB-200
(Team et al., 2022), OpenSubtitles 4, OSCAR (Or-
tiz Suárez et al., 2019), Tanzil (Tiedemann, 2012),
TED2020, and wikimedia (Wikimedia, 2025) (see
Table 4).

4.2. Pre-Processing

Prior to filtering, all data sources underwent
corpus-type specific cleaning and normalization
procedures to ensure comparability and to mini-
mize non-linguistic noise. Across all corpus types,
a shared preprocessing baseline was applied,
which includes lower-casing, removal of punctu-
ation, digits, and special symbols, whitespace
collapsing, stopword removal5, and tokenization.
Word lists were additionally unified by removing en-
tries appearing in more than one variety-specific
list, reducing false positives during filtering. Due
to the heterogeneous nature of the materials that
ranges from highly curated dialect datasets to mas-
sive, noisy web corpora, each corpus type required
tailored treatment reflecting its distinct role in the
pipeline.

Data from Dialect Corpora were cleaned with
a focus on producing linguistically accurate word
lists for feature extraction with the primary aim of
keeping dialectal differences. We first manually
aligned inconsistent language and dialect labels
wherever possible, then applied a standardized
pre-processing pipeline. The cleaned text was to-
kenized, and unique word lists were extracted for
each dialect. To isolate dialect-specific features,
these word lists were cross-compared across all
included dialects, and any shared vocabulary was
removed. The resulting sets of unique lexical items
then served as the basis for the Dialect Filtering
stage.

4https://www.opensubtitles.org/en/
search/sublanguageid-kur

5Stopword lists (de, ar, id, zh, da, en, fr, hi,
it, ja, ko, ku, la, pl, pt, ru, sv, th, tr, uk, vi,
yo, zu) were drawn from: https://github.com/
stopwords-iso/stopwords-iso

In contrast, Large Corpora required a more
general cleaning approach aimed at recovering us-
able, well-structured text rather than precise lex-
icon extraction. We first identified and split ab-
normally long words and lines using language-
specific thresholds and known vocabulary. For
example, a token such as “Ilikepizza” would be
segmented into “I like pizza” using previously ob-
served word boundaries. Very long text lines
were divided at punctuation marks or estimated
sentence-length limits to improve tokenization. We
then applied LID with GlotLID (Kargaran et al.,
2023) and KLID (Ahmadi et al., 2023b) to remove
unrelated or erroneously assigned content (e.g.,
Chinese text). Only texts written in Latin, Arabic,
or Cyrillic scripts were retained as potentially Kur-
dish. These cleaned corpora formed the input for
the Language Filtering experiments.

Language Corpora were processed using a
hybrid of the two previous strategies, balancing
lexical precision with large-scale text normaliza-
tion. Overly long tokens and lines were segmented
as described above, and LID-based filtering was
applied to remove non-Kurdish material, before
the shared pre-processing pipeline was applied.
From these preprocessed texts, language-level
word lists were extracted, then cross-compared
both across Kurdish languages and against 20
additional languages sampled from OSCAR (Or-
tiz Suárez et al., 2019) (see Figure 3). This mul-
tilingual cross-referencing helped identify and re-
move noise and loanwords, producing sets of lex-
ically unique words for each Kurdish language,
later used in Language Filtering.

After cleaning, all corpora were harmonized in
format, yielding a unified yet type-specific text
base. Dialect data provided fine-grained linguistic
features for filtering; Language Corpora served as
intermediate, curated references; and Large Cor-
pora offered broad and diverse text pools from
which new, dialect- and language-specific sub-
corpora could be extracted. This multi-level clean-
ing pipeline ensured that subsequent filtering and
evaluation steps were based on text material that
was internally consistent and minimally affected by
cross-lingual noise or formatting artifacts.

4.3. Framework Application
The framework yielded 138 sub-corpora (see Ta-
ble 5 for a selected subset), e.g., Bijar (1,261 lines
of text) for which we used 15 original lines from di-
alectal sources. The potential of part-of-speech
tagging is shown by the word Bavê, as in the
sentence Bavê min li malê ye (eng: My father is
at home). In a different context, and used as a
verb (eng: throwing), it becomes more specific to
the Kobani variety of Northern Kurdish. However
these new datasets are a first step to supporting

https://www.opensubtitles.org/en/search/sublanguageid-kur
https://www.opensubtitles.org/en/search/sublanguageid-kur
https://github.com/stopwords-iso/stopwords-iso
https://github.com/stopwords-iso/stopwords-iso
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Kurdish Corpora

Extracting
(unique)
words

Large Corpora

 kmr text  kmr words
 ckb text  ckb words

 am   ar   azb  cs   de   en   fa   fr   ...   zh text

 am   ar   azb  cs   de   en   fa   fr   ...   zh words

Language-
filtering

kmr unique
ckb unique

 sdh words
 hac words

 lki words
 zza words

 sdh text
 hac text

 lki text
 zza text

sdh unique
hac unique

lki unique
zza unique

Figure 3: Cross-referencing extracted word lists for Kurdish varieties with those of many other languages
allows to remove noise and loan words and to derive word lists that are unique across languages.

variety-specific NLP applications.

Variety Original Filtered
(sdh) Bijar 15 (32.8) 1,261 (158.8)
(zza) Kurmanjki 6 (16.2) 8820 (125.9)

(zza) Dimli 20 (43.1) 7,365 (164.4)+7 (17.1)
(sdh) Bijar (Garusi) 620 (31.9) 16,980 (256.0)
(lki) Sahneyi 213 (36.5) 6,628 (251.8)
Ad Darbasiyah 365 (16.5) 18,474 (149.2)
(hac) Gawraju 653 (34.5) 16,707 (224.0)

(kmr) Kobani 372 (16.5) 1,8 M (145.7)+735 (48.7)

Table 5: Effective growth of selected variety sub-
corpora for number of text lines (and avg. charac-
ters).

5. Evaluation

Evaluating the quality and linguistic characteris-
tics of text corpora is central to low-resource
NLP, and especially difficult when gold-standard
benchmarks are unavailable. We assess five
corpus types spanning a spectrum from raw to
refined: Large Base (extensive, noisy), Lan-
guage Base (curated, language-level), and Di-
alect Base (small, fine-grained) corpora serve as
baselines, while Language-Filtered and Dialect-
Filtered sub-corpora represent the output of our
pipeline. Comparing these datasets allows us to
analyze how our filtering approach shapes the lin-
guistic character of the resulting text.

Given the absence of gold-standard reference
data for Kurdish dialect identification on the level
we are attempting to do, we rely on a suite of
metrics that cover intrinsic corpus-level character-
istics to provide an indirect but informative evalua-
tion. We employ the Type-Token Ratio (TTR) (Tem-

plin, 1957), the Hapax Legomena Ratio (Baayen,
2001), the Zipf’s Law Slope (Zipf, 1935), and the
Flesch-Kincaid Grade Level (Thomas et al., 1975),
computed at both word and character 𝑛-gram lev-
els (𝑛 = 1–4). These complementary measures
capture aspects of lexical diversity, rarity, distribu-
tional balance, and readability, which enables a
multidimensional comparison across corpora.

Type-Token Ratio The Type-Token Ratio (TTR)
measures lexical or sublexical diversity, defined as
the number of unique units (types) divided by total
units (tokens). For word 𝑛-grams, types are unique
word sequences; for character 𝑛-grams, they are
unique character sequences. A higher TTR (ap-
proaching 1) implies greater diversity, while a
lower one indicates repetition or limited vocabu-
lary.

Figure 5 and Figure 4 show TTR results at both
levels. Across all 𝑛-grams, larger corpora display
lower TTR values, consistent with repetitive and
noisy content. The filtered corpora exhibit slightly
higher TTR values than their parent corpora, posi-
tioning them between the large and dialect corpora
and suggesting that our filtering process increases
corpus scale while maintaining lexical diversity for
our dialectal dataset.

Hapax Legomena Ratio While TTR captures di-
versity, the Hapax Legomena Ratio quantifies the
proportion of units that appear exactly once, re-
flecting the prevalence of rare or unique elements.
High values (near 1) indicate many unique forms,
common in noisy or heterogeneous data; low val-
ues (near 0) indicate lexically constrained or formu-
laic text.

As shown in Figure 6, character-based Hapax
Ratios behave as expected: small dialect corpora
have low values for character 1-grams (reflect-
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Figure 4: Character TTR by data type.

Figure 5: Word TTR by data type.

ing consistent orthography), but higher values for
longer 𝑛-grams (e.g. 4-grams), revealing dialect-
specific morphological sequences. Filtered cor-
pora show ratios closer to those of large corpora,
indicating that while filtering improves linguistic co-
herence, residual noise of larger datasets is also
injected by adding new dialectal content, espe-
cially at the character level. Word-level Hapax Ra-
tios (Figure 7) mirror these tendencies but with
smaller inter-corpus variation.

Figure 6: Character Hapax Ratio by type.

Zipf’s Law Slope Zipf’s Law describes the in-
verse relationship between frequency and rank of
linguistic units. On a log-log scale, a slope near −1
indicates a natural frequency distribution typical
of human language (Piantadosi, 2014). Steeper

Figure 7: Word Hapax Legomena Ratio by type.

slopes (< −1) denote over-repetition or limited vo-
cabulary, while flatter slopes (> −1) suggest uni-
form distributions caused by noise.

In Figure 9, large corpora cluster around
the theoretical ideal of −1, while smaller di-
alect corpora exhibit flatter slopes, consistent
with their restricted vocabularies. After filtering,
both language- and dialect-filtered datasets show
slopes closer to the ideal, suggesting that filter-
ing restores linguistic balance relative to the more
constrained source word lists. Character-based
slopes (Figure 8) show lower values overall, reflect-
ing rapid frequency drop-offs and residual cross-
lingual noise, likely due to lenient character filter-
ing thresholds during pre-processing.

Flesch-Kincaid Grade Level The Flesch-
Kincaid Grade Level approximates text readability,
representing the U.S. school grade level required
to comprehend the text, based on sentence length
and word complexity. Higher scores imply com-
plex or noisy texts; lower scores reflect simpler,
more colloquial language. This metric is applied
only to word 1-grams.

Figure 10 aligns well with our expectations:
large corpora yield the highest grade levels, re-
flecting complex or corrupted content; language
corpora occupy intermediate positions; and dialect
corpora produce the lowest values, consistent with

Figure 8: Character Zipf’s Law Slope by data type.
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Figure 9: Word Zipf’s Law Slope by data type.

their short, spoken-style text. The filtered cor-
pora again position themselves between these ex-
tremes, exhibiting complexity levels similar to their
respective data sources but slightly simplified.

Interpretation Taken together, the observed
metric patterns suggest that our feature-based fil-
tering approach can successfully extract linguisti-
cally coherent sub-corpora from large and hetero-
geneous text collections. Across all metrics, the
Language-Filtered and textitDialect-Filtered cor-
pora consistently occupy intermediate positions
between the Large, Language, and Dialect Cor-
pora. In this sense, our method not only identifies
but effectively creates new language- and dialect-
specific sub-corpora, enabling future research on
Kurdish varieties that were previously underrepre-
sented or completely unlabeled.

6. Discussion

The sub-corpora derived through our framework
span a broad spectrum of Kurdish linguistic diver-
sity, with many providing the first large-scale tex-
tual dataset for their respective varieties. At the
same time, the evaluation results highlight that in-
strinsic corpus metrics, however informative, can-
not fully substitute for gold-standard benchmarks
or native speaker validation. The following limita-

Figure 10: Flesch-Kincaid Grade Level by type.

tions shaped several of our methodological deci-
sions and point toward concrete directions for fu-
ture work.

6.1. Limitations

Kurdish Nomenclature The gaps in nomencla-
ture for Kurdish languages present a non-trivial
challenge for dialect-specific data curation. A sin-
gle dialect may appear under numerous alternative
labels, while conversely, multiple distinct varieties
may share one identifier. Writing system ambiguity
compounds this further: Latin-script text labeled as
Kurdish is likely Northern Kurdish, but may equally
be Zazaki or a transliterated Arabic-script variety.
Notably, the Bahdînî dialect of Northern Kurdish
uses Arabic script rather than Latin. As a result,
some derived sub-corpora may warrant merging
to better reflect how the languages actually exist,
rather than how they are labeled.

Uneven and Few Data per Variety The uneven
distribution of unique words across varieties in our
data directly affects the number of matches accu-
mulated during filtering. Homonyms such as Bavê
(meaning both “father” in general Northern Kurdish
and “throwing” specifically in Kobani) illustrate how
ambiguous words can produce multi-label clutter
and noisy assignments. Future work may address
this through the integration of morphosyntactic fea-
tures during filtering.

Evaluation of derived Corpora A fine-grained
evaluation would ideally assess internal coher-
ence and cross-variety distinctiveness using lexi-
cal, morphological, and syntactic features against
independent benchmarks. This remains infeasible
at present due to the absence of reliable dialect-
level labels across available corpora. A human-
based evaluation covering a meaningful range of
varieties would require funding well beyond the
scope of this work.

Data Curation in Low-Resourced Settings Ef-
fective curation for a dialect continuum benefits
from capturing hierarchical variety relations: filter-
ing for Kobani, for instance, would likely improve
by restricting input to Northern Kurdish (kmr) data,
reducing false positives from unrelated languages.
However, labels in our Language Corpora often re-
fer to broad categories (e.g., “ckb”), while Dialect
Corpora use finer but inconsistent identifiers (e.g.,
“ckb-hwl”, “Erbil”, “Hewlerî”). Geographic coordi-
nates are available for most locations, but unam-
biguous mapping from location to linguistic variety
remains non-trivial, as many regions host speak-
ers of multiple Kurdish varieties simultaneously.
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6.2. Summary & Future Work

Despite these challenges, stable trends across
138 varieties and 12 source corpora suggest ro-
bustness: systematic patterns emerge even un-
der individual label uncertainty, consistent with
a “law of large numbers” effect. This validates
our framework as a meaningful first step towards
dialect-aware text extraction and motivates tar-
geted, human-based validation studies focused on
specific speaker communities.

Future efforts will standardize dialect identifiers
and refine variety-to-location mappings to enable
finer evaluations. We are developing an online
annotation platform to involve native speakers in
validating and enriching the derived sub-corpora,
following participatory research principles (Bird,
2020; Nekoto et al., 2020). Methodologically,
these sub-corpora will serve as seed data for ma-
chine learning classifiers targeting lexical and mor-
phosyntactic features (Xie et al., 2024; Masis et al.,
2022), alongside integration of additional linguistic
dimensions and data augmentation strategies. To-
gether, these efforts will move toward automatic
dialect identification models, reducing reliance on
rule-based methods and improving scalability.

7. Conclusion

Applying our framework across 12 large corpora,
14 language corpora, and five dialect corpora, we
derived 138 new variety-specific sub-corpora, the
largest collection of dialect-specific Kurdish text
resources to date. The resulting datasets lay
a foundation for dialect-aware NLP and linguis-
tic research, supporting future benchmarking and
model development (Faisal et al., 2024). Limita-
tions due to lexical ambiguity and inconsistent la-
beling observed in source corpora highlight the
need for morphological and syntactic feature inte-
gration and native speaker validation (Bird, 2020).
Once refined, these sub-corpora will advance
dialect-sensitive NLP and contribute to Kurdish lan-
guage documentation and preservation.
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