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Abstract—For many low-resource languages, including the
central Kurdish language (CKL), building effective natural
language processing (NLP) tools has been a challenge. This is due
to the lack of annotated text. Without a large corpus that specifies
how words function grammatically, it is difficult to perform basic
tasks such as part-of-speech (POS) tagging, which is the building
block of many language technologies. To address this issue, this
study presents the first comprehensive POS-tagged corpus for CKL.
This dataset consists of 108,680 words manually tagged with 86
tags. Unlike simpler tagging schemes, the 86 tags account for the
complexity of Kurdish grammar and allow a single word to have
multiple valid tags, reflecting the language’s natural ambiguity.
Using this resource, this study benchmarks a range of deep models,
including neural networks such as bidirectional long short-term
memory (BiLSTM). To address the ambiguity challenge, this
paper introduces a new method, adaptive tag cycling within the
BiLSTM that trains the model to consider all possible tags. The
most advanced model in this study, an ensemble of neural sequence
taggers, achieves 92.3% accuracy with stop-words retained and
89.5% with stop-words removed on broad grammatical categories
(main tags). On the full fine-grained tagset (detailed tags), the same
model attains 79.0% accuracy with stop-words and 76.2% without
stop-words. Therefore, this study provides two key contributions:
(i) a new dataset that supports future Kurdish NLP research, and
(ii) a strong performance benchmark for CKL POS tagging.

Index Terms—Annotated dataset, Central Kurdish
language, Deep learning, Long short-term memory, Part-
of-speech.

I. INTRODUCTION

Part-of-speech (POS) tagging is a fundamental task in natural
language processing (NLP), enabling grammatical analysis
and supporting higher-level applications such as parsing,
information extraction, spell checking, text generation
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systems, and machine translation (MT) (Daelemans, 2011;
Qiu, et al., 2020; Jurafsky and Martin, 2023). While POS
tagging has been widely studied for high-resource languages,
it remains a challenging task in low-resource languages
due to the scarcity of annotated corpora and variability in
orthography and complex morphology.

For high-resource languages such as English and Spanish,
the availability of large annotated corpora and pretrained
models has enabled POS taggers to achieve consistently high
performance (Pota, et al., 2019). However, these advances
have not transferred equally to low-resource languages.

Recent advancements in generative artificial intelligence
(AI) have made it possible for models to produce high-
quality text, speech, and images with just a single pipeline
trained on data from the web at scale, eliminating the need
for resource-intensive ones. Yet, Kurdish has not shared
equally in these developments; there is much needed to be
done in this Al era within and among its dialects. Large
pretrained models have limited coverage of Kurdish because
(i) relatively little Kurdish text is available online and
(i) existing materials frequently show orthographic and
grammatical inconsistencies, reflecting the absence of a
single standardized codification.

In this vein, the Central Kurdish Language (CKL), also
known as Kurdish Sorani Language, spoken by millions in
Iraq and Iran, exhibits rich inflectional morphology in which
a single surface form can correspond to multiple grammatical
categories depending on context (Naserzade, et al., 2022).
Additional orthographic inconsistencies, such as variations
in representing certain consonants, increase further ambiguity
(Ahmadi and Masoud, 2020). These characteristics make
the POS tagging for CKL challenging and limit the direct
transfer of the developed models to other languages.

Previous POS tagging efforts for CKL have been
constrained by small datasets or coarse-grained tagsets
(e.g., 38 tags), which restrict the ability to capture fine
morphological distinctions (Maulud, Jacksi and Ali, 2023a).
Furthermore, the last developed comprehensive standardized
tagset (97 tags) for CKL. (Sabr, et al., 2025) has not
been digitally used to date. Modern neural architectures
(e.g., Dbidirectional long-short-term-memory [BiLSTM]
and conditional random field [CRF]) have not yet been
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systematically benchmarked for CKL in combination with
subword tokenization and multi-tag annotation strategies.

Therefore, this study addresses these challenges by
introducing a 108,680 tokens manually annotated via an
academic-domain corpus from Koya University with an
86-tags POS tagset, most of which are taken from (Sabr,
et al., 2025) and designed for morphological and syntactic
coverage. This is followed by developing seven progressively
enhanced architectures that are evaluated by Hidden Markov
model (HMM), BiLSTM, BiLSTM with adaptive tag cycling,
BiLSTM + Ensemble, BILSTM + CRF, BiLSTM + adaptive
tag cycling + CRF, and BiLSTM + adaptive tag cycling +
CRF + ensemble.

All models are implemented in two variants, the full
86-tags detailed (fine-grained) scheme and a collapsed
10-category main tagset. By systematically comparing these
architectures, this research aims to quantify the incremental
benefits of adaptive cycling in multi-tag annotation, CRF-
based sequence modeling, and ensemble learning, while
also demonstrating the value of a standardized, fine-grained
tagging tagset for the CKL.

II. RELATED WORK

Due to limited annotated corpora and also due to the
dialectal wvariation of CKL in different regions, there
are many challenges for low-resource NLP. The multi-
dialectal nature of the Kurdish language also complicates
the generalization of a model across geographical regions.
Despite these challenges, several approaches, such as hybrid
statistical-rule-based systems and cross-lingual transfer, have
been explored in recent studies, with initial corpus-driven
studies demonstrating these in practice.

An carly study with a corpus-driven approach addressed
the tasks of classification and parsing. (Malmasi, 2016)
developed one of the first CKL datasets and applied support
vector machines with n-gram features to classify subdialects,
reporting a classification accuracy of 96.7%. For Kurmanji,
(Gokirmak and Tyers, 2017) built the first dependency
treebank under the Universal Dependencies framework (10k
tokens); this resource is not sufficient for reliable parsing.

Lexical and text-processing tools have, however, also
been developed (Salavati and Ahmadi, 2018). The research
presented Peyv, a lemmatizer and Réntis, a spell-checker
for CKL, which is trained on the 18M-word Pewan corpus.
These tools were promising but limited due to lexicon
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inconsistencies and domain adaptation issues remained.
Elsewhere, larger corpus projects attempted to broaden the
data landscape.

The Bianet Turkish—Kurdish-English dataset (Ataman,
2018) and Awta corpus (Amini, et al., 2021) provided initial
resources for Kurdish MT, though their size remains small
relative to modern neural MT requirements (Ahmadi and
Masoud, 2020) highlighted tokenization and morphological
segmentation as critical for improving Kurdish-English MT
performance. Beyond MT, research has also explored POS
tagging directly.

POS tagging research has been limited, but impressive.
The DASTAN corpus (74k words), reported at 96% accuracy,
used a hybrid HMM and rule-based tagger (Maulud, Jacksi
and Ali, 2023a). But their tagset was limited to 38 tags, with
little morph-syntactic granularity. Similarly, (Azzat, Jacksi
and Ali, 2024) applied a similar HMM-based method for the
Badini dialect and constructed a POS-tagged Badini corpus
(51k words) for ontology development. Applied an HMM-
based method on the Badini dialect and built a POS-tagged
Badini corpus (51k words) for ontology building. These
studies have shown that Kurdish POS tagging is possible,
highlighting issues such as small corpora, inventory, and
evaluation benchmarks. Taken together, these studies have
demonstrated important advances but also enduring gaps.
Recent progress in Kurdish NLP is based on transformer
models, such as for sentiment analysis and named entity
recognition. Such examples include a bidirectional encoder
representation from the transformer (BERT) model used for
the sentiment classification of Central Kurdish (Awlla, Veisi
and Abdullah, 2025) and the fine-tuning of RoBERTa in
low-resource NER settings (Abdullah, et al., 2024). These
applications are concerned with fewer label categories
and higher semantic levels than POS tagging, which this
work specifically considers through the lens of token-
level sequence labeling across 86 tags, where transformer
models typically need orders of magnitude larger annotated
corpora than that available here (108,680 tokens). Thus, the
mBERT baseline is included only for completeness, with the
main experiments investigating recurrent architectures that
maintain a distinct advantage in terms of effective parameters
for low-resource morphologically rich languages under
limited supervision. As a result, large-scale annotated corpora
and strong tagging models are still missing for CKL. Table 1
compares this corpus with recent Kurdish corpora.

To address these gaps, this study makes two main
contributions. First, it introduces 108,680 tokens, manually

coverage. (Hassani, 2022) created a POS-tagged CKL  annotated CKL corpus using an 86-tag fine-grained POS
lexicon via transferring annotations from Persian; however, = scheme, which provides substantially greater morpho-
TABLE I
COMPARISON OF POS TAGGING LATEST STUDIES FOR THE KURDISH CORPUS

Study Dialect Corpus size Tagset Method Reported accuracy (%)
(Maulud, Jacksi and Ali, 2023a)- DASTAN  Sorani 74k words 38 tags HMM-+Rule-based 96

(Azzat, Jacksi and Ali, 2024)- UOZBDN Badini 51k words ~30 tags HMM-+Rule-based, Ontology extraction 95

This study (2025) CKL 108,680 words 86 tags BiLSTM+CRF+Cycling+Ensemble 92.3 flexible accuracy (Main

tagset with stop-words)

POS: Part-of-speech, HMM: Hidden Markov model, CKL: Central Kurdish language, BILSTM: Bidirectional long short-term memory, CRF: Conditional random field
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syntactic coverage. Second, it systematically evaluates a
progression of architectures from traditional HMM to modern
neural systems (BiLSTM, BiLSTM + CRF), including
adaptive tag cycling and ensemble approaches.

III. METHODOLOGY

This study develops a CKL corpus to provide a reliable
resource for POS tagging in a low-resource setting. This
section describes the dataset and procedures used in this
study.

A. Corpus Creation and Preprocessing

The corpus contains 108,680 manually annotated tokens
extracted from 20 academic articles published in the Koya
University Journal of Humanities and Social Sciences. To
prepare the texts for annotation, a multi-stage preprocessing
pipeline is implemented as shown in Fig. 1. The main steps
included:

1. Normalization and standardization
All texts are converted to UTF-8, and common script
inconsistencies are corrected (e.g., Arabic & — S Kurdish,
s—). Punctuation and spacing are standardized, and
inconsistent encodings are fixed along with custom rules
(Ahmadi, 2020b).

2. Abbreviation handling
The errors made by tokenization models frequently happen in
academic abbreviations (Abdulrahman and Hassani, 2020).

3. Sentence segmentation and tokenization
The sentences are tokenized using a hybrid approach
(Ahmadi, 2020a). Involving the Kurdish Language
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Processing Toolkit and regex heuristics. Special attention
is paid to not split within abbreviations, URLs, or decimal
numbers extending. To assess the reliability of the
tokenization process, a manually inspected subset of the
corpus is evaluated. A total of 5,250 tokens is reviewed, and
167 tokenization errors are identified, corresponding to an
error rate of 3.18% and an overall tokenization accuracy of
96.82%, where the tokenization accuracy is calculated as
the complement of the tokenization error rate.

4. Language identification
Since academic texts may include Arabic, Persian, or English
passages, sentences are filtered using character-based
heuristics (Veisi, MohammadAmini, and Hosseini, 2019).

5. Stop-words filtering
Stop words are identified using a nearly 240-word stop-
word list proposed by (Mustafa and Rashid, 2018). Given
that stop words are syntactically informative and should be
handled by POS taggers, the main models are evaluated both
with and without stop-word filtering. The stop-word-filtered
setting is considered to analyze its effect on feature sparsity
and corpus efficiency, as discussed in (Maulud, Jacksi and
Ali, 2023Db).

Fig. 1 illustrates the overall pipeline from document
collection through preprocessing, normalization, annotation,
and final corpus storage.

After preprocessing, trained linguists from the Kurdish
Language Department and the Malay Gawra Center at Koya
University conducted manual annotation. Each token may
receive up to three parallel tags to capture morpho-syntactic
richness: A primary syntactic role (Tagl), a secondary
morphological property (Tag2), and a context-sensitive finer
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Fig. 1. The process of creating the central Kurdish language annotated corpus.
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tag (Tag3). For example, «is (“sentence”) can be annotated
by three compact tags, a general noun (N-GEN), a known
noun (N-KNOWN), and a singular noun (N-SG). Standard
non-lexical tokens (NUM, PUNCT, EMAIL, and URL) are
auto-labelled during pre-processing and supervised corrected
when ambiguous. This hybrid process yields a corpus that is
both reasonably consistent in structure and rich in language.

B. Corpus Annotation

To capture the morpho-syntactic richness of CKL, a fine-
grained POS tagset of 86-tags is designed in consultation
with Kurdish linguists. The 86-tags scheme used in this study
represents a corpus-attested subset of the broader 97-tag
standard proposed by Sabr, et al. (2025). Some tags from the
original scheme did not occur in any token and, therefore,
were not instantiated in the final dataset. This scheme
expands the 38-tag systems used in previous CKL corpora
(Maulud, Jacksi, and Ali, 2023a) and introduces detailed
subcategories. The structure of the tagset appears in Table II.

The annotated corpus is formatted in a table with
columns for sentence, token (word), Tagl, Tag2, and Tag3.
Annotation follows a two-pass method: the initial pass by
the main annotator and a validation pass by a linguist team.
Conlflicts are resolved during adjudication meetings based on
guidelines derived from an 86-tag scheme.

Inter-annotator agreement is estimated to measure annotation
quality and consistency. Agreement is first evaluated at
the main POS category level (main tags) using Cohen’s X,
adjusted for chance agreement. Following standard practice in
large-scale corpus annotation, a representative subset of 5,250
tokens (=5% of the corpus) is chosen to be a representative
range of sentence lengths and POS categories and a proportion
of morphologically ambiguous tokens. An agreement rate of
84.62% is observed, with Cohen’s k value as 74.5%, showing
substantial agreement (Landis and Koch, 1977).

Implementation-wise, annotators use structured
spreadsheets for consistency, as shown in Fig. 2. Any
personal information has been anonymized.

A summary of key corpus statistics is presented in
Table III. Fig. 3 illustrates the distribution of main POS
categories in the CKL corpus, showing dominance of nouns
and punctuation, followed by verbs, adjectives, and other
classes. Fig. 4 shows the distribution of multi-tag annotations
in the corpus, showing that nearly one-third of tokens carry
more than one valid tag.

C. ML Models

All models in this study are trained and evaluated on the
CKL annotated corpus. The traditional ML, such as HMM,
is trained on the annotated corpus. HMMs estimate the
probability of tag sequences through transition probabilities
(P(tagiltagi-1)) and emission probabilities (P(word|tag;)). With
decoding performed using the Viterbi algorithm (Jurafsky
and Martin, 2023). As a standard HMM assigns a single
hidden state per token, it cannot directly model multi-
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TABLE II
CENTRAL KURDISH POS TAGSET

Category Abbreviation Category Abbreviation

Noun N-S Adverb ADV-TIME
N-EXT ADV-PLACE
N-COMP ADV-S
N-PROP ADV-EXT
N-GEN ADV-COMP
N-KNOWN ADV-EMPH
N-UNK Number NUM-CARD
N-SG NUM-EXT
N-PL NUM-COMP
N-M NUM-ORD
N-F NUM-FRAC
N-NEUT NUM-BASE
N-DUAL Verb V-SIM
N-MAT V-EXT
N-ABS V-COMP

Pronoun PR-1P V-CONN
PR-2P V-PST
PR-DEM V-NPST
PR-INT V-REQ
PR-IND V-CAUS
PR-REF V-PASS
PR-POSS V-NEG

Adjective ADJ-QUAL V-POS
ADJ-COL V-TR
ADJ-DESC V-INTR
ADIJ-IND V-INCOMP
ADJ-GRAD V-COMPLETE
ADJ-ATTR Gerund GER-A
ADJ-SUPL GER-T
ADJ-COMP GER-D
ADJ-QUAN GER-W
ADJ-DEM GER-Y
ADJ-INT GER-S
ADJ-PART GER-EXT
ADJ-USE GER-COMP
ADJ-S Particle PART-LEX
ADJ-EXT PART-CONN
ADJ-COMPOUND PART-DET

Adverb ADV-M UNKNOWN UNK
ADV-D Punctuation PUNCT
ADV-R Abbreviation ABBR
ADV-INT Email Email
ADV-CAUSE Uniform resource locator ~ URL

POS: Part-of-speech

TABLE IIT
SuMMARY StaTISTICS OF THE CKL CORPUS

Measure Value

Total tokens 108,680

Total sentences 3,612

Unique word types 20,717

Type—token ratio 0.19

Avg. sentence length 30 tokens (median 23)

Max. sentence length 377 tokens

5.3 characters
30.3% (2 tags: 18.7%, 3 tags: 11.5%)
53.8% of vocabulary

Avg. word length
Multi-tagged tokens
Hapax legomena

CKL: Central Kurdish language
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Sentence = Word b Tagil = Tagt2 Tagh3 =
OUizgaddy 33,554,356 dS8a5S  GER-D- b Ko N-COMP - 51,53 556 GER-COMP - 313! S35t
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OUieaddydy 33,S5455S N-S - 330w (530 N-PROP - 3440 S50 N-M- 25 S50
OUigadd iy 33,5455 N-S - 33Lu S9U N-PROP - Jaub $3U N-M- 35 96
Oliigaadyty 33,5545 EMAIL
Olzgaddyy 33,S5455S NUM NUM-CARD - (3% S
Oligaddyyy 33,543 Mdpdpa  N-EXT- 98> $36 N-DUAL - 54933 536 N-SG - 416 530
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dw) N-S - 23l $30 N-SG - 4G 530 N-UNK - 3Lalia5 ($30
e N-EXT - 3131 $9b N-ABS - 301y 36 N-5G - 4G Syt
g 4 OLisany JHSU4SHS) - PUNCT
935 OSauilaiosasisSd FUP ey S N-S - 33Lu S9U N-SG - 216 (53U N-UNK - 3laclids 530
LicgaSas Silsker Sosbh N-S - 830 536 N-SG - 4G S N-GEN- 328 st
29Ul )2d) sS4 «Seblocking- PUNCT
Sl & $SeiiSas: JuS5h S35 N-COMP - 33 535 N-SG - G 536 N-UNK - 3t S35
448 Sl 5aa- 209 ‘_”)s ‘”‘-"5_5 N-S - 3L (S50 N-PROP - JauG 3G N-SG - 4G $3b
Olconpetition vt asy  NEXT- s sst N-UNK - 3Laeies S35 N-SG - 46 36
3 348 Bue3ds G9as (dudlial) oy | PUNCT
. sl o * . - Al o o sal®
Fig. 2. Manual annotation sheet sample.
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Fig. 3. The distribution of main part-of-speech categories in the central Kurdish language corpus.
is replicated using Tagl, Tag2, and Tag3 (when available) as
o000 alternative single-label sequences.
While HMMs cannot capture long-range dependencies
60000 1 or subword features, they provide a strong baseline for
comparison with neural architectures. To capture longer-
«» 50000 4 . .
g 0% range dependencies, the first neural model used is a
2 40000 | BiLSTM network (Hochreiter and Schmidhuber, 1997),
2 which encodes tokens in both forward and backward
3 . . .
= 300001 directions to capture long-range contextual dependencies.
20000 The architecture comprises several key components:
(a) Tokenization employs byte pair encoding with a
10000 | 5,000 subword vocabulary; (b) the embeddings utilize
pretrained fastText Central Kurdish vectors (cc.ckb.300.

0.5 1.0 15 2.0 25 3.0 3:5
Number of Tags per Word

Fig. 4. The distribution of multi-tag annotations in the central Kurdish
language corpus.

label annotations; therefore, the Tagl-Tag3 annotations are
incorporated via training-data expansion, where each sentence

vec), represented as 300-dimensional vectors (Grave, et al.,
2018); (c) subword embeddings are aggregated through
mean pooling and linear projection; (d) a three-layer
BiLSTM encoder captures bidirectional context with a
hidden size of 512 and a dropout rate of 0.4; (e) adaptive
tag cycling alternates between three tags during training
to mitigate label bias; (f) training is executed using
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AdamW optimization, with gradient clipping (max
norm = 1.0), and cosine annealing learning-rate scheduling.

To further refine the consistency of sequences, a CRF
output layer (Lafferty, McCallum, and Pereira, 2001) is added
on top of the BiLSTM. Models the joint of tag sequences,
scoring transitions, which leads to coherent predictions and
discourages inconsistent tags (Huang, Xu and Yu, 2015).
With the aim of leveraging diversity among models and
datasets, this method represents all valid annotations at
training time, leading to greater robustness and generalization
than single-model ML.

IV. EXPERIMENTAL DESIGN AND SCENARIOS

All experiments use stratified 5-fold cross-validation,
with balanced tag distributions and the inclusion of rare
tags in the training set. Results are reported as mean =+
standard deviation of metrics across the five folds. The
measures to prevent data leakage through tokenization,
training the tokenizer only on training data, and not sharing
sentences between folds, as well as only assigning rare
tags to the training set. The total corpus comprises 108,680
tokens, allocated 80% for training (86,944 tokens) and 20%
for testing (21,736 tokens), applied consistently across each
cross-validation fold.

Oversampling is used to deal with the problem of class
imbalance. For HMM experiments, sentences with tags that
occur fewer than 10 times are x5 copied in the training. For
BiLSTM and BiLSTM+CRF experiments, sentences that
contain tags with <25 occurrences are oversampled x4. After
preprocessing and normalization, the neural models are
optimized using AdamW with weight decay, cosine annealing
learning-rate scheduling, and gradient clipping (maximum
norm = 1.0). The best epoch for each fold is selected based
on validation flexible accuracy; therefore, a prediction is
considered correct if it matches any of the annotated tags
(Tagl, Tag2, Tag3). For robustness, results are averaged
over folds, and 95% confidence intervals are computed. In
practice, the neural models in PyTorch are implemented and
decoded with the provided torcherf library (Nguyen and
Salazar, 2019). Training is performed on an NVIDIA RTX
4090 GPU, while HMM is run on a central processing unit.
The software stack included Python, NumPy, pandas, scikit-
learn (for evaluation metrics), and optuna for hyperparameter
optimization. The selected settings are embedding dimension
of 300, a BILSTM hidden dimension of 512, three BiLSTM
layers, dropout of 0.4, learning rate of 0.001, batch size of
32, and 150 epochs. To systematically evaluate the effects
of model architecture, a set of 14 experimental scenarios
is designed. These scenarios span three major architecture
families:

e HMM: A statistical sequence model trained at the word level,
serving as a traditional ML

e BIiLSTM: A neural encoder with softmax classification
(Abdullah, et al., 2025), optionally combined with
adaptive tag cycling, ensemble learning, and embedding
normalization
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e BiLSTM + CRF: The same BiLSTM encoder extended
with a linear-chain CRF decoder for structured sequence
prediction.

Beyond these configurations, the impact of tagset
granularity is evaluated by comparing the full 86-tags
inventory with a main tag categories version of the tagset,
consisting of the main grammatical categories (Noun,
Pronoun, Verb, Adjective, Adverb, Number, Particle, Gerund,
Unknown, and Punctuation). This reduced tagset, referred to
as main categories, helps to analyze whether performance
improves when morpho-syntactic detail is abstracted into
broader classes. Both the full and main categories tagsets are
used across the experimental scenarios.

All scenarios used the same dataset, preprocessing
pipeline, and stratified 5-fold cross-validation described
previously. The only differences are in model architecture,
training configuration, and tag granularity.

To analyze the impact of stop-word retention on tagging
performance, the main models are evaluated with and without
stop words, allowing for transparency regarding potential
accuracy inflation. This study trains two representative models:
the HMM as a statistical baseline and the BILSTM + CRF +
Cycling + Ensemble model as the strongest neural architecture.
Two granularities, an 86-tags scheme and a main categories
tagset, are tested across both models, using consistent data
splits, training protocols, and evaluation measures.

This methodology outlines the fundamentals of corpus
construction, model architectures, and varied experimental
scenarios, leading to results presented across fourteen
scenarios. It emphasizes the influence of model architecture,
CRF decoding, ensemble learning, tag cycling, and tag
granularity on performance.

V. RESULTS AND DISCUSSION

In the absence of explicit indication, the experiments
reported in this section are conducted on the stop-word-
filtered version of the corpus. This setting is adopted to
control feature sparsity and reduce the dominance of high-
frequency function words in model training and evaluation.
To address concerns regarding realism and comparability,
additional evaluations of the main models with stop words
retained are reported separately to contextualize the results
and to illustrate the effect of stop-word handling on POS
tagging performance.

A. Overall Model Performance

Table IV presents the flexible accuracy results over
fourteen experimental settings, where a prediction is
considered successful if it coincides with at least one valid
annotation assigned to a token (Tagl-Tag3). The HMM
baseline model is tooled to a flexible accuracy of 86.0% on
the main POS categories, and 65.0% for the detailed tagset.
This sharp decrease emphasizes the lack of expressive power
of statistical sequence models for applying to fine-grained,
morphologically complex tagsets.

ARO p-ISSN: 2410-9355, e-ISSN: 2307-549X
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TABLE IV TABLE V

SUMMARY OF MODELS’ RESULTS ABLATION ANALYSIS OF MODEL COMPONENTS
Scenario Tag granularity Flexible accuracy (%) Model variant Cycling CRF Ensemble Detailed tagset Main tagset
1 (HMM) Main 26.0 accuracy (%) accuracy (%)
2 (HMM) Detailed 65.0 BiLSTM X X X 73.0 87.6
3 (BiLSTM) Detailed 73.0 + Cycling v/ X X 75.6 88.0
4 (BiLSTM-cycling) Detailed 75.6 + CRF X v X 74.0 88.0
5 (BiLSTM-CRF) Detailed 74.0 + Ensemble X X v/ 75.1 88.2
6 (BiLSTM-ensemble) Detailed 75.1 + Cycling+CRF v v X 75.3 88.1
7 (BiLSTM-cycling-CRF) Detailed 75.3 + Cycling+CRF+ 4 v 4 76.2 89.5
8 (BILSTM-cycling-ensemble-CRF) Detailed 76.2 Ensemble
9 (BIiLSTM) Main 87.6 CRF: Conditional random field. v indicates that the component is included in the model
10 (BiLSTM-cycling) Main 88.0 variant, while X indicates that the component is not included.
11 (BiLSTM-CRF) Main 88.0 . .
12 (BILSTM-ensemble) Main 882 a rpqdel .to all avallaple annotatlgq lay.ers (Tagll—TagS) When
13 (BiLSTM-cycling-CRF) Main 381 training 1ntroduces' richer supervision 1.nform.at1on. Including
14 (BiLSTM-cycling-ensemble-CRF)Main 89.5 a CRF decoder brings modest, but reliable improvement by

HMM: Hidden Markov model, BiLSTM: Bidirectional long short-term memory,
CRF: Conditional random field

Performance of neural architectures is consistently higher
than the HMM baseline in all setups. While on the detailed
tagset, BiLSTM-based models obtain flexible accuracy
in the range from 73.0% to 76.2%, whereas performance
on main categories is higher up to 89.5% for the best-case
configuration. These results confirm the effectiveness of
contextual neural representations in handling ambiguity and
sparsity in Central Kurdish POS tagging.

When compared with prior work, such as the DASTAN
corpus, the reported accuracy appears lower. DASTAN
achieved approximately 96% accuracy using a hybrid HMM
and rule-based system on a smaller 38-tag scheme with
about 74k tokens. This difference is expected given the
substantially more challenging setting adopted in the present
study, which employs a purely statistical HMM and a fine-
grained 86-tag scheme that results in fewer training instances
per class. Consequently, although absolute accuracy is lower,
the experimental setting is more demanding and linguistically
expressive. To better understand the sources of these gains,
the next subsection analyzes the contribution of individual
architectural components.

In addition to recurrent and statistical models, a
transformer-based baseline (mBERT) is also fine-tuned and
evaluated under the same experimental protocol. On the main
POS categories tagset, mBERT achieved a flexible accuracy
of 77.0%. Although competitive, this result remains below
that of the best BILSTM—CRF configurations, suggesting that
under the available data scale and tag granularity, recurrent
architectures with structured decoding are better suited to
Central Kurdish POS tagging.

B. Contribution of Model Components (Ablation Study)

To better understand the contribution of individual
architectural components, an ablation study is conducted by
incrementally adding adaptive tag cycling, CRF decoding,
and ensemble learning to a BILSTM baseline. The results are
presented in Table V.

Introducing adaptive tag cycling leads to a clear
improvement over the baseline, which illustrates that exposing

imposing sequence-level constraints and penalizing invalid
tag transitions. Ensemble learning also enhances performance
through variance reduction as well as the combination of
diverse predictions made by multiple independently trained
models. In addition to architectural components, the effect
of data imbalance is also determined to affect overall
results. With regard to the BILSTM models, oversampling
is performed for sentences with rare tags (<25 samples x4)
after some small experiments that found this level yielded a
reasonable accuracy improvement, averaging about +1.2%
points. While for HMM model (<10 samples, x5) shows
the best results with an accuracy improvement averaging
about +0.5% points. These results for models with detailed
tags usage, while for main tags models, the effect of the
oversampling is much smaller and often negligible.

The full BiLSTM-cycling-ensemble-CRF model performs
best, with 76.2% flexible accuracy for the detailed tagset
and 89.5% for the main categories, benefiting from each of
these components. To the best of our knowledge, this study
is among the first to demonstrate the benefit of combining
multiple independently trained BiLSTM-based models for
POS tagging in Central Kurdish, reducing variance and
capturing complementary tagging decisions.

C. Evaluation Strategy, Stability, and Stop-word Effects

To provide a more comprehensive evaluation beyond
flexible accuracy, multiple complementary metrics are
reported. In addition to flexible accuracy, which accounts
for annotation ambiguity by accepting any of the valid POS
labels (Tagl-Tag3), strict accuracy based solely on the
primary annotation (Tagl) is also included for comparability
with prior work. Furthermore, weighted and macro F1
scores are reported to better capture performance under class
imbalance.

Table VI presents the results of the baselines in terms
of both tag granularities. Given the highly unbalanced
distribution of POS categories, in particular for the 86-tag
scheme, weighted F1 is used as the dominant F-measure,
which measures tagging quality across all classes while
taking class frequency into consideration. For instance, some
rare system tags, such as EMAIL, occur only 4 times in the
entire corpus, whereas frequent categories, such as common
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TABLE VI
PERFORMANCE OF THE MAIN MODELS

Model Tag granularity Flexible accuracy (%) Strict accuracy (%) Weighted F1 (%) Macro F1 (%)
HMM Detailed 65.0 58.0 58.0 34.7
HMM Main 86.0 86.0 85.0 69.0
BiLSTM-cycling-ensemble-CRF Detailed 76.2 61.4 68.0 57.0
BiLSTM-cycling-ensemble-CRF Main 89.5 89.2 89.3 78.0

HMM: Hidden Markov model, BiLSTM: Bidirectional long short-term memory, CRF: Conditional random field

noun tags, occur thousands of times (e.g., N-S occurs
12,115 times and N-GEN occurs 13,306 times). Under such
conditions, macro F1 is strongly affected by rare classes, as
each category contributes equally regardless of its frequency,
leading to lower macro-averaged scores. Nevertheless, macro
F1 is additionally reported to highlight per-class performance
trends and to explicitly reflect the impact of rare and
underrepresented categories.

Across five-fold cross-validation, the BiLSTM-cycling-
ensemble-CRF model achieved a flexible accuracy of 89.5 +
0.2% STD on the main POS categories and 76.2 + 0.5% STD
on the detailed tagset. The low standard deviation across
folds indicates stable and consistent performance, suggesting
that the reported gains are not driven by a particular data
split but generalize well across the corpus.

To contextualize the main results and assess robustness,
the effect of stop-word handling is examined by re-evaluating
a representative statistical baseline (HMM) and the strongest
neural configuration (BiLSTM-cycling-ensemble-CRF) on
a version of the corpus in which stop-words are retained.
As can be observed from Table VII, stop-word inclusion
consistently increases the flexible accuracy for both models
and both tag granularities. This is an expected behavior, since
stop-words are often high-frequency function words and
relatively low in tag ambiguity.

D. Effect of Tag Granularity

Besides the evaluation method, tag granularity also
shows its influence on performance. Flexible accuracy is
significantly improved, reaching up to 89.5%, as the original
86 fine-grained tags are thus grouped into main categories. In
comparison, using the full detailed tagset, the performance is
maximized at 76.2%. This discrepancy implies that learning
becomes substantially easier when label sparsity is relaxed,
especially in a low-resource scenario.

However, the detailed tagset is linguistically useful since
it reflects subtle morphological and functional contrasts that
are collapsed into main tags. Under this more challenging
setting, a relaxed accuracy of 76.2% with the 86-tag scheme
is competitive with CKL results published in earlier works
on corpora with comparable size. In general, these results
show both the penalty of larger tag granularity and the ability
of neural models to handle this complexity well.

E. Error Analysis and Class-Level Behavior

To gain insight into systematic errors, an error analysis
based on per-class F1 scores, as shown in Table VIII and
the row-normalized confusion matrix presented in Fig. 5,

FINAL Tagl Confusion Matrix (Row-Normalized, Main POS Categories)

ADJECTIVE

ADVERB

GERUND

NOUN

0.6
NUMBER

True label

PARTICLE

PRONOUN

PUNCTUATION

UNKNOWN

0.0

Predicted label

Fig. 5. The row-normalized confusion matrix for the bidirectional long
short-term memory-cycling-ensemble-conditional random field model
using main part-of-speech categories

is analyzed for the best-performing model, the BiLSTM-
cycling-ensemble-CRF model, using the main tags. High-
frequency and statistically stable tags, such as NOUN
VERB NUMBER PUNCTUATION, vyield largely robust
performances across models, given the clear syntactic roles
and negligible context ambiguity.

On the other hand, ADJECTIVE and ADVERB have
noticeably lower F1 compared to some of the top-scoring
classes, despite having relatively high token counts (tag
distributions presented in Fig. 3). The confusion matrix
shows a high rate of erroncous classification between such
categories and NOUN. This is largely because they are
almost completely functionally superimposed in CKL, where
identical surface forms work as adjectives or adverbs based
on simple context and therefore constantly get mixed up with
one another and with NOUN.

The less frequent GERUND category, on the other hand,
shows a relatively good performance as the morphological
and syntactic constraints are clearer, so that there is much less
competition for labels. The class UNKNOWN has the lowest
and the highest variance, with most instances incorrectly
classified as NOUN or PUNCTUATION. Such a result is
relatively predictable given that UNKNOWN constitutes a
small and motley collection of tokens, which are symbols
and foreign strings, instead of grouping under an appropriate
concept grammar.
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TABLE VII
EFFECT OF STOP-WORDS INCLUSION ON POS TAGGING PERFORMANCE

Model Tag granularity Stop-words Flexible accuracy (%) Strict accuracy (%)
HMM Detailed Removed 65.0 58.0
HMM Detailed Kept 74.0 70.0
HMM Main Removed 86.0 86.0
HMM Main Kept 88.0 88.0
BiLSTM-cycling-ensemble-CRF Detailed Removed 76.2 61.4
BiLSTM-cycling-ensemble-CRF Detailed Kept 79.0 69.0
BiLSTM-cycling-Ensemble-CRF Main Removed 89.5 89.2
BiLSTM-cycling-ensemble-CRF Main Kept 92.3 92.1
POS: Part-of-speech, HMM: Hidden Markov model, BiILSTM: Bidirectional long short-term memory
TABLE VIII TABLE IX

PER-CLASS F1 SCORES (MEAN£STANDARD OVER FIVE-FOLD CROSS-VALIDATION)
FOR THE BILSTM-CyYCLING-ENSEMBLE-CRF MODEL USING MAIN
POS CATEGORIES

POS class Mean F1 (%)+standard
NOUN 91.5+0.2
VERB 86.5+0.7
ADIJECTIVE 58.1+0.7
ADVERB 52.0+0.8
PRONOUN 80.0+1.9
NUMBER 97.3+0.4
PARTICLE 77.1£1.1
GERUND 80.5+1.1
PUNCTUATION 99.9+0.0
UNKNOWN 21.7+13.2

CRF: Conditional random field, BILSTM: Bidirectional long short-term memory,
POS: Part-of-speech

In addition to class-level error, model performance is
compared at varying levels of ambiguity in annotation as
presented in Table IX. Products with 1, 2, or 3 appropriate
tags are treated separately. Flexible accuracy remains
relatively constant with the level of ambiguity, even as strict
accuracy drops dramatically. This observation is the most
convincing evidence that, in many cases, the model produces
a linguistically acceptable tag even if it does not correspond
to the primary annotator’s preference, showing the impact
of single-label evaluation and the need for ambiguity-aware
metrics.

F. Practical Implications

In summary, his work has a great impact on practical
applications in Kurdish NLP, including grammar and
spell corrections and MT. The presented work provides a
reusable, annotated corpus and trained models that allow
to shorten development cycles and increase the reliability
of the Kurdish language technologies. From a research
perspective, the 86-tag annotated corpus will benefit the
Kurdish NLP community by offering a more detailed
benchmark compared to existing resources, enabling
the exploration of advanced modeling approaches and
advancing research on morphologically rich, low-resource
languages.

PERFORMANCE BY AMBIGUITY LEVEL

Ambiguity level Flexible accuracy (%) Strict accuracy (%)
1 annotation 76.4 76.4
2 annotations 75.0 58.1
3 annotations 76.0 39.5

VI. CoNCLUSION AND FUTURE WORK

This study presents the first large-scale, fine-grained POS-

tagged corpus for CKL consisting of 108,680 tokens manually

annotated with an 86-tag scheme. Using this resource, a

systematic evaluation of statistical and neural sequence-

labeling models is conducted, including HMM, BiLSTM,

BiLSTM-CRF, and ensemble-cycling architectures, under a

flexible evaluation framework that accounts for annotation

ambiguity.

Beyond its performance, this work emphasizes
the importance of ambiguity-aware evaluation for
morphologically rich and low-resource languages, where it
is demonstrated that flexible accuracy provides better results
than strict single-label evaluation.

From these experiments, three key findings emerge:

1. Neural architectures substantially outperform HMMs,
though HMMs remain competitive for collapsed tag
categories

2. Adaptive tag cycling plays a crucial role, often providing
larger gains than CRF decoding by exploiting the multi-
annotation structure of the corpus

3. Ensemble-cycling with CRF achieves the strongest
performance, with flexible accuracy reaching 89.5% on
main categories and 76.2% on the full 86-tags scheme — the
highest reported so far for CKL POS tagging at this level of
granularity.

When compared to prior work such as the DASTAN
corpus, however, performance appears lower (96% on
a 38-tag set). This difference reflects the much greater
difficulty of the present setting, more tags and fewer tokens
per tag. While earlier CKL studies incorporated rule-
based components, these systems rely on handcrafted rules
tailored to smaller tagsets and specific datasets that are not
publicly available. Because of this, and given CKL’s rich and
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complex morphology, the generalizability of such rule-based
approaches to the 86-tags scheme cannot be confirmed. Thus,
even a score of 76.2% on the detailed scheme is a significant
milestone for Kurdish NLP.

Despite these gains, challenges remain for inherently
ambiguous categories such as ADJECTIVE and ADVERB, as
well as for the heterogeneous UNKNOWN class, indicating
that residual errors are driven more by linguistic overlap than
by data sparsity alone.

Future work will focus on extending the corpus beyond
academic writing to include other domains, increasing the
dataset size to better support detailed tagging, and expanding
the annotation work for more Kurdish dialects such as
Kurmanji and Badini. A multilingual BERT baseline is
evaluated in the current work; recurrent architectures are found
to work best at this scale of data, and future experimentation
with bigger datasets should consider transformer models.

In summary, this study will pave the way for these
extensions. By making available a well-annotated corpus as
well as strong baselines, this work provides a foundation
for the next stage of Kurdish NLP research, paving the way
towards POS tagging model improvement through additional
trained/annotated tokens, parsing, MT, and linguistic resource
development.
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