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Abstract
This paper presents the first automatic speech recognition (ASR) system for Cypriot Greek, a non-standardized
variety of Modern Greek with distinctive lexicogrammatical and graphematic characteristics. We adapt Whisper,
a state-of-the-art multilingual ASR model, to Cypriot Greek through fine-tuning on the Μozilla Common Voice
spontaneous speech dataset for Cypriot Greek. The phonological and lexical divergence between Cypriot Greek and
Standard Modern Greek poses significant challenges for mainstream ASR, particularly under conditions of limited
training data and dialectal variation. Results demonstrate that whisper-medium achieved a best word error rate
(WER) of 37.85%, while whisper-large-v3 consistently outperformed it, reaching a minimum WER of 33.93%. In
the light of these findings, increased model size, combined with targeted fine-tuning on normalized dialectical data,
significantly improves recognition accuracy, indicating that careful handling of orthographic and dialectical variation
provides an effective path for ASR adaptation to low-resource varieties.

Keywords: low resource ASR, Cypriot Greek, dialectal resources

1. Introduction

State-of-the-art language and speech technologies
are strongly data-driven, and language varieties
with larger quantities of available data typically re-
ceive priority (Chin et al., 2023; Hedderich et al.,
2020; Joshi et al., 2020). As a result, the speakers
of non-dominant dialects have access to less tech-
nological support than the speakers of the dominant
variety (Blasi et al., 2022). Therefore, promoting
technological development for low-resource lan-
guages is vital for supporting language inclusion
and preservation while enabling communities of
minority languages to participate fully in the digital
world (Mohanty et al., 2024).

In this work, we present the first ASR model for
Cypriot Greek, a Modern Greek dialect with high
vitality. In Section 2 Cypriot Greek is introduced.
The adopted methodology is presented in Section
3, while Sections 4 and 5 report the experimental
setup and corresponding results, respectively. Sec-
tion 6 provides a brief overview of related work, and
Section 7 concludes the paper.

2. Cypriot Greek

Cypriot Greek (CG) dialect belongs to the South-
Eastern Greek dialect group. There are more than
700,000 speakers of CG in Cyprus and Cypriot
communities abroad (UK, USA, Australia, Canada
and South Africa). CG is considered the non stan-

dard variety of Modern Greek with the highest vital-
ity (Statistical Service of Cyprus, 2011). The long
time of isolation from other Greek-speaking areas
led to substantial differences between Cypriot and
Standard Modern Greek (SMG), occasionally ren-
dering the two mutually unintelligible due to a host
of phonological, morphological, lexical and syntac-
tic differences. Importantly, this divergence also
extends to the phonetic realization of segments and
their coarticulation patterns, as shown by (Themis-
tocleous, 2019), who successfully distinguish CG
from SMG based on acoustic features of sonorant
consonants and coarticulatory cues from adjacent
vowels, achieving up to 81% classification accuracy
using deep neural networks.

The official languages of the Republic of Cyprus
are Greek and Turkish (the latter introduced to the
island with the Ottoman conquest in 1571). Cypriot
Greek is used in oral communication, while SMG
functions in formal contexts and is the instructional
language in public primary and secondary educa-
tion. So far, CG has no standardized writing system,
while attempts to establish language policies have
never been further formalized (Papapavlou, 2010).
Crucially, the SMG alphabet does not represent
the distinctive sounds of the dialect, prompting sev-
eral proposals for an appropriate writing system
(Armostis et al., 2014). Nonetheless, there exists a
body of medieval literature (13th–16th centuries),
such as ‘Leontios Machairas: Recital about the
sweet land of Cyprus entitled “Chronicle” (Syme-
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onidis, 2006) that represent regional linguistic fea-
tures and sounds not present in SMG, such as post-
alveolar fricatives and affricates, and geminates. It
is the case that CG writers often devise their own
spelling conventions and preferences (e.g., differ-
ent written renditions of ["S E r i n] ‘hand’ as <σXέρÌν>
or <σέρÌν>; Themistocleous, 2010).

Before 1974, Cypriot Greek displayed consider-
able internal variation (18 regional varieties accord-
ing to Newton 1972) along a continuum that ranged
from rural local dialects (basilects) to the urban
variety (acrolect) (Newton, 1972; Contossopoulos,
1969). This continuum underwent homogeniza-
tion due to demographic shifts after the Turkish
military occupation and greater exposure to SMG
(Tsiplakou et al., 2006). Nowadays, CG is largely
uniform, with rare regional variants rapidly disap-
pearing at the phonological, morphosyntactic, and
lexical level (Tsiplakou, 2014).

3. Methodology

In this section, we describe the methodology em-
ployed to adapt ASR models to Cypriot Greek. We
first present the data preparation pipeline, which
involved manual transcription and input normaliza-
tion. We then outline the fine-tuning configurations
used to adapt Whisper and XLSR to the target vari-
ety.

3.1. Data collection
For ASR training, we employ version 23.0 of
the Mozilla Common Voice Spontaneous Speech
dataset for Cypriot Greek (‘el-CY’). This resource
comprises 1,284 audio clips, corresponding to ap-
proximately 11 hours of recorded speech produced
by 10 speakers, transcribed and validated. The
dataset is publicly accessible via the Mozilla Data
Collective1, with transcription statistics provided in
Table 1.

Metric Value
Prompts 146
Duration 39,313,800 [ms]
Avg. Transcription Length 350
Avg. Duration 30.62 [s]
Valid Duration 38,861.24 [s]
Total Hours 10.92 [h]
Valid Hours 10.79 [h]

Table 1: Transcription statistics of the el-CY
dataset.

Specifically, Cypriot Greek audio recordings were
transcribed by eight native speakers of the dialect.

1https://datacollective.
mozillafoundation.org/datasets/
cmflnuzz3xq2ok28b4o1ojacv

As it is a non-standardized variety, it has no codified
orthography (Armostis et al., 2014). As discussed
in Section 2, however, there exists a long-standing
tradition in dialectal lexicography and edited literary
works of representing Cypriot Greek in writing using
the Greek script, supplemented with diacritics on
top of certain letters to denote consonants that do
not occur in SMG, as illustrated in Table 22. The
transcriptions were graphematically homogenized
by two linguists to reduce spelling variation in the
corpus; this was based both on existing dictionaries
(Yiangoullis, 2014) and on the spelling conventions
outlined in Armostis (2022).
Furthermore, given the absence of a standardized
orthography for Cypriot Greek and the substantial
variability observed in spontaneous speech tran-
scripts, we applied a deterministic, rule-based text
normalization pipeline prior to model training. The
objective of this normalization was to reduce tran-
scriptional variation that is orthographically irrele-
vant for ASR performance, while explicitly preserv-
ing dialectal identity and linguistically meaningful
contrasts.

The normalization pipeline operates entirely at
the Unicode text level and follows a fixed sequence
of transformations to ensure reproducibility across
training and evaluation splits.

1. Unicode normalization and casing: All tran-
scripts are lowercased and normalized to Uni-
code NFC (Normalization Form C) form. Uni-
code NFD (Normalization Form D) decompo-
sition is used internally to enable precise han-
dling of combining diacritics, ensuring a single
canonical representation for visually identical
characters.

2. Punctuation and whitespace normalization:
Quotation marks and apostrophes are unified
into canonical forms, while all dash-like sym-
bols are removed. Excess whitespace is col-
lapsed into single spaces and trimmed (e.g.,
“Eν-τάξEÌ” → “EντάξEÌ”).

3. Removal of non-linguistic artefacts: Non-
linguistic elements such as noise markers, par-
enthetical comments, URLs, email addresses,
phone numbers, and emojis are removed. Par-
alinguistic expressions are mapped to explicit
placeholders (e.g., “XαXαXα” → “(GέńÌο)”) to
ensure consistent acoustic alignment.

4. Normalization of elongations and repeti-
tions: Orthographic elongations are collapsed

2While the transcription follows the conventions shown
in Table 2, a different normalization strategy was used
for the ASR experiments; further investigation into the
impact of these distinct orthographic representations is
reserved for future work.

https://datacollective.mozillafoundation.org/datasets/cmflnuzz3xq2ok28b4o1ojacv
https://datacollective.mozillafoundation.org/datasets/cmflnuzz3xq2ok28b4o1ojacv
https://datacollective.mozillafoundation.org/datasets/cmflnuzz3xq2ok28b4o1ojacv
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Grapheme(s) & Case Phonetic Example Comment
Lower Proper Upper Value

〈σ̆〉 〈Σ̆〉 — [ S ] «σ̆έρÌν», «ίσ̆Ìα», «σ̆ασ̆άρř»

〈ς̆〉 — 〈Σ̆〉 [ S ] «ντούς̆», «GÌαBάς̆» word-finally

〈σ̆σ̆〉 〈Σ̆σ̆〉 〈Σ̆Σ̆〉 [ S: ] «σ̆σ̆ίζř», «σ̆σ̆Eπάζř», «μEńÌσ̆σ̆Ìά»,
«μάσ̆σ̆αńńα»

〈ζ̆〉 〈Ζ̆〉 — [ Z: ] «ποUζ̆Ìάζř», «αμπαζ̆ούρ»,
«κκEράζ̆Ìα»

〈ξ̆〉 〈Ξ̆〉 — [ kS ] «ξ̆ÌοUρίζοUμαÌ», «ταξ̆Ìά»,
«μοναξ̆Ìά», «GÌναξ̆ής»

〈ψ̆〉 〈Ψ̆〉 — [ pS ] «ανÌψ̆Ìός», «κńEψ̆Ìά», «καńοUψ̆ής»

〈τζ̆〉 〈Τζ̆〉 〈ΤΖ̆〉 [ t>S ] «τζ̆Eρίν», «Xότζ̆ας», «EUτζ̆ή»,
«αUńατζ̆Ìά»

〈ντζ̆〉 〈Ντζ̆〉 〈ΝΤΖ̆〉 [ nd>Z ] «ντζ̆ίζř», «FEντζ̆άνÌν»,
«καντζ̆έńńÌν», «ποUντζ̆Ìάζř»

〈τσ̆〉 〈Τσ̆〉 〈ΤΣ̆〉 [ tSh: ] «τσ̆έκκÌν», «Λατσ̆Ìά», «κοUτσ̆Ìά»

〈τς̆〉 — 〈ΤΣ̆〉 [ tS ] «σάντοUÌτς̆», «ματς̆», «κńατς̆» word-finally
〈ὀ〉 — 〈᾿Ο〉 [ o ] «πὀν», «μὄδřκEν», «πὀννά» from /u/ + /e/ coalescence

Geminates, i.e., long consonants, are indicated in spelling with a double letter: e.g., [m] is spelled as 〈μμ〉, as in
〈σήμμEρα〉 ["sim:eRa] ‘today’.

Table 2: Graphemes not present in the alphabet of Standard Modern Greek.

while preserving meaningful doubles (e.g.,
“EEEEν” → “Eν”, “ααα” → “αα”). Word-initial du-
plicates caused by emphasis are simplified
(e.g., “EEEEσύ” → “Eσύ”).

5. Polytonic-to-monotonic Greek conversion:
Legacy polytonic spellings are normalized by
removing obsolete diacritics while preserving
tonos and diaeresis (e.g., “μητσῐοί” → “μητ-
σοί”). Ill-formed spacing accent characters are
either reattached to the appropriate vowel or
discarded.

6. Mixed Greek–Latin character correction:
Mixed Greek-Latin spellings commonly ob-
served in Cypriot transcripts are corrected
via targeted mappings from Latin to Greek
characters, reducing orthographic fragmen-
tation without altering pronunciation (e.g.,
“τζ̆ια′′or“τzÌα”→ “τζiα”).

7. Dialect-preserving lexical canonicalization:
Cypriot-specific variants are mapped to canoni-
cal Cypriot forms rather than Standard Modern
Greek (e.g., “τζαÌ” , “τζE” → “τζ˘αÌ”). Optional
normalization of legal geminates is applied de-
pending on the experimental configuration.

To quantify the impact of normalization, we com-
pute WER and CER between original and normal-
ized transcripts, obtaining 15.8% and 3.8%, re-
spectively. This indicates minimal, primarily ortho-
graphic modifications.

3.2. Data segmentation
To prepare the Cypriot Greek speech corpus for
ASR fine-tuning, we segmented the audio into
sentence-level units aligned with the corresponding
transcriptions. Forced alignment was performed
using the open-source ctc-forced-aligner toolkit3
with the multilingual mms-300m-1130 alignment
model4. For each recording, the audio waveform
was divided into overlapping windows (30 s with
2 s context) to generate CTC (Connectionist Tem-
poral Classification) emissions, which were then
aligned to the normalized transcript without requir-
ing a pronunciation lexicon. The aligner produced
token-level spans with start and end timestamps,
from which sentence boundaries were derived.

The script outputs a Kaldi-style segmented
dataset consisting of wav.scp, text, utt2spk,
and segments files. In addition, a quality met-
ric (utt2score) was computed for each utter-
ance, combining alignment coverage, average log-
probability, and duration heuristics. Segments with
zero-length spans were automatically discarded,
while utterances longer than 30 s were removed to
match Whisper’s input constraints. This procedure
resulted in a clean set of sentence-level utterances
with accurate time alignment, substantially improv-

3https://github.com/MahmoudAshraf97/
ctc-forced-aligner

4https://huggingface.co/MahmoudAshraf/
mms-300m-1130-forced-aligner

https://github.com/MahmoudAshraf97/ctc-forced-aligner
https://github.com/MahmoudAshraf97/ctc-forced-aligner
https://huggingface.co/MahmoudAshraf/mms-300m-1130-forced-aligner
https://huggingface.co/MahmoudAshraf/mms-300m-1130-forced-aligner
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ing dataset quality and making it suitable for robust
fine-tuning.

3.3. Model training
To assess the performance of state-of-the-art ASR
models on Cypriot Greek, we selected two promi-
nent ASR systems: XLSR-53 (Babu et al., 2021)
and Whisper (Radford et al., 2023). XLSR-53, one
of the first large multilingual wav2vec 2.0 models,
was pretrained on 56,000 hours of speech across
53 languages. Whisper was trained on a much
larger corpus, with the small model trained on
680,000 hours of weakly supervised multilingual
data. For XLSR-53, we used a version further fine-
tuned on Greek to improve performance on the tar-
get variety. Despite these pretraining efforts, both
models exhibit reduced performance on dialectal
varieties, particularly Cypriot Greek, whose phono-
logical and lexical differences from SMG poses
challenges for mainstream ASR.

To address this gap, we fine-tuned four Whisper
variants on the Cypriot Greek dataset: whisper-
small5, whisper-medium6, whisper-large-
v37, and whisper-large-v3-turbo8, as well
as the XLS-R-greek model9.

4. Experimental Setup

All experiments were conducted using the Hugging
Face Transformers library10. Fine-tuning was per-
formed on both the original and normalized Cypriot
Greek corpus, which was split into training and
evaluation subsets using an 80/20 ratio to ensure
a representative validation set. We note that the
train–test split is not speaker-independent.

Training proceeded for 2,048 update steps with a
learning rate of 5×10−6, a maximum input duration
of 30,s, and an output length capped at 225 tokens.
An effective batch size of 64 was used; the encoder
was kept frozen while the decoder was fully train-
able. To optimize GPU memory usage, gradient
checkpointing and mixed-precision training (fp16)
were enabled.

5. Results

In this section, we present the performance of the
fine-tuned Whisper models on the Cypriot Greek

5openai/whisper-small
6openai/whisper-medium
7openai/whisper-large-v3
8openai/whisper-large-v3-turbo
9lighteternal/wav2vec2-large-xlsr-53-greek

10https://github.com/huggingface/transformers/
blob/main/examples/pytorch/speech-recognition/run_
speech_recognition_seq2seq.py4

test set, using Word Error Rate (WER) and Char-
acter Error Rate (CER) as evaluation metrics. Ta-
bles 3 and 4 summarize the WER and CER before
and after fine-tuning for the whisper-small, whisper-
medium, and whisper-large-v3 variants, as well as
the fine-tuned XLS-R-greek model, evaluated on
both normalized and original transcripts.

Model WER (%) CER (%)
Before After Before After

Whisper-small 81.27 52.38 49.21 32.33
Whisper-medium 69.03 37.85 39.69 26.71
Whisper-large-v3 58.33 33.93 31.42 21.15
Whisper-large-v3-turbo 61.93 38.12 35.06 22.24

Table 3: ASR performance on the Cypriot Greek
test set before and after fine-tuning with normalized
transcripts.

Model WER (%) CER (%)
Before After Before After

Whisper-small 81.28 51.39 49.15 29.85
Whisper-medium 69.17 43.64 38.95 28.22
Whisper-large-v3 58.61 35.70 31.29 22.30
Whisper-large-v3-turbo 62.16 36.73 34.95 21.88

Table 4: ASR performance on the Cypriot Greek
test set before and after fine-tuning using the origi-
nal transcripts. Word Error Rate (WER) and Char-
acter Error Rate (CER) are reported.

Figure 1: Validation WER curves across train-
ing steps for Whisper-small, Whisper-medium,
Whisper-large-v3 and Whisper-large-v3-turbo.

As shown in Table 3 and Table 4, Whisper without
fine-tuning achieves high WER scores for Cypriot
Greek. We verify that this is due to the character-
istics of the dialect as Whisper before fine-tuning
achieves similar performance both on the original
and the normalized transcripts, indicating that this
is not due to transcription artifacts or rarely occur-
ring characters and accents. Comparing Tables 3
and 4, normalization leads to consistent improve-
ments for medium and large models (e.g., 5.8 ab-
solute WER for Whisper-medium), while smaller
models show less stable behavior, suggesting that
normalization benefits models with sufficient ca-
pacity to exploit reduced orthographic variability.

https://github.com/huggingface/transformers/blob/main/examples/pytorch/speech-recognition/run_speech_recognition_seq2seq.py4
https://github.com/huggingface/transformers/blob/main/examples/pytorch/speech-recognition/run_speech_recognition_seq2seq.py4
https://github.com/huggingface/transformers/blob/main/examples/pytorch/speech-recognition/run_speech_recognition_seq2seq.py4
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After fine-tuning with less than 20 hours of speech,
all Whisper variants achieved significantly lower
WER in both settings, with a ∼ 38% and ∼ 40%
average relative WER reduction for the original and
normalized transcripts, respectively. Among the
variants, Whisper large v3 emerged as the superior
model, achieving a WER of 33.93% and a CER of
21.15% on normalized transcripts. Performance
consistently improves with model scale. However,
although Whisper-large-v3-turbo is optimized for in-
ference efficiency, it does not match the full large-v3
model in accuracy.

Figure 1 shows the validation WER across train-
ing steps. Larger models (medium and large-v3)
not only achieve lower error rates but also con-
verge more smoothly compared to whisper-small.
While whisper-small exhibits notable fluctuations,
peaking at 57% even late in training, whisper-large-
v3 stabilizes early, reaching its performance floor
around step 1,000. This suggests that the higher
parameter count in the large variant provides a
more robust framework for dialectal transfer learn-
ing.

Before After
Dataset WER CER WER CER
CY-original 84.07 48.75 57.21 25.14
CY-normalized 83.14 43.04 46.96 17.88

Table 5: ASR performance of wav2vec 2.0 XLS-R-
greek on the Cypriot Greek test set before and after
fine-tuning with original and normalized transcripts.

Table 5 reports the XLS-R-greek results. In the
zero-shot scenario, WER exceeds 83% and CER is
similarly high. Fine-tuning substantially reduces er-
rors, with normalized transcripts leading to the best
performance: 46.96% WER and 17.88% CER. No-
tably, XLS-R achieves WER reductions comparable
to whisper-medium and competitive CER scores,
but its WER remains higher than whisper-large-
v3, suggesting that sequence-to-sequence model-
ing with an autoregressive decoder better captures
word-level dependencies in dialectal speech.

Overall, the results highlight the importance of
both model size and transcript normalization in ASR
adaptation to low-resource dialects. Larger models
capture dialectal variation more effectively, while
normalization mitigates orthographically irrelevant
variability. Fine-tuning on dialect-specific data is
thus essential for achieving robust recognition of
Cypriot Greek across different ASR architectures.

6. Previous studies

ASR models have achieved significant achieve-
ments in high-resource languages, English being
the most represented instance of well-resourced

language (Eisenstein et al., 2023; Pratap et al.,
2024). Typical methods to deal with data scarcity
issues involve transfer learning from high-resource
languages, unsupervised pre-training with unpaired
data, and synthetic data augmentation to improve
model robustness and reduce overfitting (Conneau
et al., 2020).

The most recent work on Greek dialects estab-
lishes a benchmark for six low-resource Greek
varieties (Aivaliot, Aperathiot, Cappadocian, Cre-
tan, Griko, and Messenian) and discusses the
salient problems of limited data, orthographic dif-
ferences, and language contact (Vakirtzian et al.,
2024; Tsoukala et al., 2026). Initial experiments
showed that state-of-the-art models and cross-
lingual transfer methods struggle to adapt to these
varieties. For instance, while ASR models handle
SMG well (WER 11–14%), their performance drops
drastically on Greek dialects, with WERs ranging
from 28% (Cretan) to 100% (Griko). These diffi-
culties arise from multiple factors, including signifi-
cant phonological differences between SMG and
the dialects, alongside variations in discourse reg-
ister; dialectal speech is often recorded as oral
speech rather than reading texts (Vakirtzian et al.,
2024; Tsoukala et al., 2026). Consequently, vari-
eties that exhibit higher phonological proximity to
the high-resource SMG, such as the Cretan dialect,
achieved the strongest performance.

7. Conclusions

This work presents the first ASR model for Cypriot
Greek, addressing the challenge of data scarcity
in ASR for low-resource dialects. Initial exper-
iments indicate that Whisper struggles on non-
standardized dialects (WER 60%) due to the
variety-specific characteristics. This further high-
lights the challenge of recognizing non-standard
dialects with out-of-the-box ASR models. Fine-
tuning on less than 20 hours of dialect-specific
speech substantially improves performance, re-
ducing WER by 38% on original transcripts and
40% on normalized transcripts. The improvement
demonstrates that even a relatively small amount
of dialect-specific data can effectively adapt the
model, with Whisper-large-v3 achieving the best re-
sults due to its greater capacity to capture complex
speech patterns, a result that also benefits from
Cypriot Greek’s closer proximity to SMG as a south-
ern Greek dialect. Moreover, these results highlight
the importance of orthographic normalization when
adapting ASR systems to dialectal varieties with
inconsistent spelling conventions.
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8. Future Work

In future iterations of this work, we plan to con-
duct a comprehensive comparative analysis be-
tween Cypriot Greek and Standard Modern Greek
in order to quantify the "dialctal gap". Recent work
on SMG (Paraskevopoulos et al., 2023) evaluated
the performance of XLS-R on Standard Modern
Greek (SMG) using the Mozilla Common Voice
(CV) dataset. This dataset represents a "controlled"
environment of read speech and consists of approx-
imately 16.2 hours of total audio, with 12.27 hours
specifically used for training. In this controlled read-
speech environment, the model achieved a 29.33%
WER.

In contrast, our fine-tuning results for Cypriot
Greek reveal a notable performance disparity,
which we hypothesize is due to the distinct phono-
logical and morphological characteristics of the di-
alect, such as gemination and palatalization. Even
after fine-tuning with dialect-specific data, our best-
performing Whisper-large-v3 model achieved a
WER of 33.93%, while our XLS-R-greek model
reached 46.96% on normalized transcripts. By in-
tegrating these SMG benchmarks, we could: (i)
identify the specific linguistic features of CG that
contribute most to the increase in WER, (ii) evalu-
ate whether specialized fine-tuning strategies, such
as Mixed Multi-Domain Self-Supervision (M2DS2),
can bridge this gap by anchoring target dialect rep-
resentations to the source language, (iii) assess
the cross-dialectal transferability of Whisper’s zero-
shot capabilities in comparison to fine-tuned self-
supervised models like XLS-R.
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