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Abstract
Recent progress in Automatic Speech Recog-
nition (ASR) has primarily benefited high-
resource standard languages, while dialec-
tal speech remains challenging and underex-
plored. We present an expanded benchmark
for low-resource Modern Greek dialects, cov-
ering Aperathiot, Cretan, Lesbian, and Cap-
padocian, spanning southern, northern, and
contact-influenced varieties with varying de-
grees of divergence from Standard Modern
Greek. The benchmark provides dialectal tran-
scriptions in the Greek alphabet, following
SMG-based orthographic conventions, while
preserving dialectal lexical and morphophono-
logical forms. Using this benchmark, we eval-
uate state-of-the-art multilingual ASR models
in a zero-shot setting and by further fine-tuning
per dialect. Zero-shot results reveal a clear per-
formance gradient with dialectal distance from
Standard Modern Greek, with best WERs
ranging from about 60-70% for southern di-
alects to over 80% for Lesbian and nearly 97%
for Cappadocian. Fine-tuning substantially re-
duces error rates (up to 47% relative WER im-
provement), with Cappadocian remaining the
most challenging variety (best WER 68.17%).
Overall, our results highlight persistent limita-
tions of current pretrained ASR models under
dialectal variation and the need for dedicated
benchmarks and adaptation strategies.

1 Introduction

Recent advances in Automatic Speech Recogni-
tion (ASR), driven by end-to-end architectures
and large-scale pretraining, have led to sub-
stantial improvements in performance for high-
resource languages and standard language vari-
eties (Babu et al., 2021; Radford et al., 2022;
Omnilingual ASR Team et al., 2025). However,
these improvements do not readily extend to di-
alectal (e.g., Torgbi et al., 2025) and other non-
standard forms of speech (e.g., Koenecke et al.,
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2020), where recognition accuracy degrades sig-
nificantly. Dialectal variation poses challenges
at multiple linguistic levels, including phonol-
ogy, lexicon, morphology, syntax, and orthogra-
phy, while the scarcity of annotated resources fur-
ther limits the effectiveness of contemporary ASR
models (Blaschke et al., 2025). As a result, speak-
ers of regional and underrepresented varieties are
still granted limited access to reliable speech tech-
nologies.

Large multilingual and self-supervised ASR
models such as Whisper (Radford et al., 2022),
XLS-R (Babu et al., 2021), and Omnilingual ASR
(Omnilingual ASR Team et al., 2025) have be-
come standard baselines for low-resource and
cross-dialectal scenarios. Nevertheless, recent
benchmarking efforts consistently show that even
state-of-the-art models underperform on dialectal
and accented speech compared to standard vari-
eties, and typically require adaptation to achieve
acceptable accuracy (Shi et al., 2024; Chen et al.,
2025). Systematic evaluation across dialects is
therefore essential to understand model behavior
and remaining limitations.

Greek presents a particularly challenging test
case due to its rich dialectal diversity (Kontosopou-
los, 2008). Standard Modern Greek (SMG)
co-exists with numerous regional and contact-
influenced varieties that differ substantially in
their linguistic properties, many of which are low-
resource or endangered. While recent work has in-
troduced an initial benchmark for Greek dialectal
ASR (Vakirtzian et al., 2024), coverage remains
limited, especially for varieties shaped by exten-
sive language contact.

Building on this line of research, we present
an expanded benchmark for ASR on low-resource
Modern Greek (MG) dialects, incorporating four
distinct varieties: Aperathiot, Cappadocian, Cre-
tan, and Lesbian. Using this benchmark, we eval-
uate state-of-the-art ASR models from the Whis-
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per and XLS-R families under zero-shot and fine-
tuned conditions, and additionally assess Omnilin-
gual ASR in a zero-shot setting.

Our contributions are threefold: (i) an expanded
ASR benchmark covering previously unevaluated
Greek dialects from both northern and southern
groups, including the critically endangered Cap-
padocian; (ii) a systematic evaluation of multi-
lingual ASR models with and without dialect-
specific adaptation; and (iii) an empirical analy-
sis demonstrating a strong relationship between di-
alectal distance and ASR performance, with word
error rates ranging from approximately 60% for
southern varieties to over 95% for structurally di-
vergent and contact-influenced dialects.

2 Related Work

ASR for dialectal and non-standard speech re-
mains a persistent challenge across many lan-
guages. A broad body of work shows that mod-
els trained primarily on standard or high-resource
varieties degrade substantially when applied to
regional dialects, even when those dialects are
closely related. This pattern has been docu-
mented across typologically and sociolinguisti-
cally diverse settings, including Catalan (Hopton
and Chodroff, 2025), Arabic (Khalafallah et al.,
2024; Nasr et al., 2023), Japanese (Imaizumi et al.,
2020; Toyama et al., 2024; Takahashi et al., 2024),
German and Swiss German (Blaschke et al., 2025;
Sicard et al., 2023), Scottish English (Torgbi et al.,
2025), Telugu and other Indian languages (Aditya
Yadavalli and Ganesh Mirishkar and Anil Kumar
Vuppala, 2022; Bhardwaj et al., 2021; Alumäe
et al., 2023), Tibetan (Qin et al., 2022), Pomak
(Tsoukala et al., 2023), and numerous African lan-
guages surveyed by Imam et al. (2025).

Recent benchmarking efforts further confirm
that dialectal and accented speech remains dif-
ficult even for state-of-the-art multilingual mod-
els. The ML-SUPERB 2.0 benchmark and chal-
lenge (Chen et al., 2025; Shi et al., 2024) has
evaluated ASR and language identification across
more than 200 languages, accents, and dialects,
revealing substantial performance disparities and
consistent degradation with non-standard varieties.
More recently, Omnilingual ASR (Omnilingual
ASR Team et al., 2025) has expanded multilin-
gual coverage to over 1,600 languages, highlight-
ing the growing emphasis on scale, although its
robustness to dialectal variation within individual

languages remains largely unexplored.
A complementary line of work addresses these

issues through dialect-specific data creation and
modeling. New corpora and evaluation resources
have been introduced for Arabic dialects (Kha-
lafallah et al., 2024; Nasr et al., 2023), Punjabi and
Telugu (Bhardwaj et al., 2021; Aditya Yadavalli
and Ganesh Mirishkar and Anil Kumar Vuppala,
2022), German dialects (Blaschke et al., 2025),
and low-resource varieties such as Tibetan and Po-
mak (Qin et al., 2022; Tsoukala et al., 2023), high-
lighting the central role of dedicated datasets in
dialectal ASR research.

More recent work has focused on adapting end-
to-end and self-supervised ASR models to dialec-
tal speech. Increased dialectal diversity during
fine-tuning has been shown to improve robust-
ness for Catalan (Hopton and Chodroff, 2025),
while dialect-aware modeling and adaptation of
large pretrained models have returned consistent
gains for Japanese (Imaizumi et al., 2020; Toyama
et al., 2024; Takahashi et al., 2024), Swiss German
(Sicard et al., 2023), Scottish accents (Torgbi et al.,
2025), and dialect-rich Indian languages (Alumäe
et al., 2023). Nonetheless, performance remains
sensitive to the specific variety, data availability,
and evaluation choices.

Despite this growing body of work across di-
verse language families, MG remains underrep-
resented. Existing ASR research has largely fo-
cused on SMG, with limited attention to dialec-
tal variation. While domain-specific adaptation
has been explored, for example in medical dicta-
tion (Georgilas and Stafylakis, 2025), systematic
evaluation across MG dialects remains largely un-
explored. To date, the benchmark introduced by
Vakirtzian et al. (2024), covering Aivaliot, Eastern
Cretan, Griko, and Messenian, constitutes the only
dedicated effort in this direction.

We extend this line of work by introducing
four additional varieties, including Cappadocian,
a typological outlier shaped by extensive contact
with Turkish, and providing systematic evaluation
across a broader range of ASR models.

3 Dialectal Scope of the Study

This study examines four MG varieties:
Aperathiot (spoken on the island of Naxos),
Cappadocian, Cretan, and Lesbian. According
to Trudgill (2003, 59–60), Aperathiot, as part
of the Naxos varieties, belongs to the Northern
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Figure 1: Geographic distribution of the Greek dialects
examined in this study; squares indicate data collection
sites.

Cyclades group, Cretan to the southern group,
and Lesbian to the northern group of MG dialects.
Cappadocian falls outside this classification
due to its development in isolation and under
strong Turkish influence (Karatsareas, 2011,
45). Together with SMG, these varieties form a
heterogeneous dialectal landscape (Figure 1) well
suited for evaluating ASR under conditions of
dialectal variation.

Aperathiot (Glottocode: cycl1238) is spoken
primarily in Apeiranthos, a mountainous village in
central Naxos. Linguistically, it forms a distinct di-
alectal enclave, differing markedly from other vari-
eties of Naxos across all linguistic levels (Oikono-
midis, 1952, 216, 272–273). Its origins have been
linked to historical Cretan settlement, based on lin-
guistic and cultural parallels, though this remains
debated (Xefteri, 2009). Increased mobility and
tourism in recent decades have reduced intergen-
erational transmission, heightening the urgency of
documentation and technological support.

Cappadocian (ISO 639-3: cpg; Glottocode:
capp1239) refers to a group of MG dialects histor-
ically spoken in Cappadocia (present-day Turkey).
Prolonged contact with Turkish, combined with
long-term isolation from other Greek varieties,
triggered extensive structural innovation, making
Cappadocian a typological outlier within MG. Be-
yond pervasive lexical borrowing, Turkish influ-
ence is reported in morphosyntax and clause struc-
ture, including nominal and verbal morphology,
argument marking, and constituent order. These
innovations are widely discussed in the contact-
linguistic literature (see Dawkins, 1916; Karatsar-
eas, 2011; Thomason and Kaufman, 1988, 93–94,
215–222 for discussion and examples). Following
the population exchange of the early 1920s, speak-

ers were resettled in Greece and rapidly shifted
toward SMG. Although long considered extinct,
native speakers were identified in the mid-2000s
through fieldwork by Janse and Papazachariou.
Today, only one variety survives, Mišiotika, which
is generally regarded as being heavily influenced
by Turkish (Dawkins, 1916, 209; Bompolas, 2023,
165–170). Mišiotika also exhibits phonological
features resembling northern vocalism, discussed
below in relation to Lesbian. However, these
features are assumed to have developed indepen-
dently and do not place Cappadocian within the
traditional northern-southern division of MG di-
alects (Dawkins, 1916, 192–193). Mišiotika is
spoken by only a few hundred, mostly elderly
speakers and is classified as critically endangered
(UNESCO, 2010).

Cretan (Glottocode: cret1244) is spoken across
Crete and in diaspora communities. Its devel-
opment reflects long-term geographic isolation
and successive periods of foreign rule, including
Arab, Venetian, and Ottoman domination (Panga-
los, 1955; Kontosopoulos, 2008, 28–41). Cretan
is traditionally divided into Eastern and Western
subvarieties, with a boundary that roughly coin-
cides with the administrative division between the
prefectures of Rethymno and Heraklion (Panga-
los, 1955, 143–151). The Eastern variety is gen-
erally described as more homogeneous, whereas
the Western variety exhibits greater internal diver-
sity (Kontosopoulos, 2008, 36). Unlike most MG
dialects, Cretan remains robust and widely used.
Our benchmark includes data from both subvari-
eties, extending previous resources that focused
exclusively on Eastern Cretan (Vakirtzian et al.,
2024).

Lesbian is the only northern MG dialect exam-
ined in this study (Glottocode: nort2600). It
is characterized by the so-called northern vocal-
ism, including vowel raising and deletion: un-
stressed mid vowels /e/ and /o/ are raised to [i]
and [u], respectively, while unstressed high vow-
els /i/ and /u/ are deleted. These features clearly
distinguish Lesbian from southern dialects, in-
cluding SMG (Chatzidakis, 1905). The dialect
has been shaped by prolonged contact with Italo-
Romance and Turkish, primarily affecting the lex-
icon and morphology (Ralli, 2015, 2019a,b; Alex-
elli, 2021). Population movements between Les-
bos and nearby Asia Minor (e.g., Ayvalik and
Moschonisia), followed by refugee resettlement
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after 1922, have contributed to notable intra-
dialectal variation. Unlike many MG dialects, Les-
bian remains vital and continues to function as the
primary means of everyday communication on the
island.

4 Datasets

Our benchmark consists of naturalistic speech
datasets (narratives, conversations, and everyday-
life stories) recorded from speakers of each variety,
with transcriptions manually verified by trained
linguists. Corpus statistics are reported in Table 1.

Aperathiot The Aperathiot dataset was col-
lected in 2025 in the village of Apeiranthos
and consists of narratives, conversations, and
everyday-life stories from four native speakers (1
male, 3 female), ranging from middle-aged to el-
derly. Initial transcriptions were generated using
Whisper Large-v3 and subsequently manually cor-
rected by a trained linguist who is also a native
speaker of the dialect.

Cappadocian The Cappadocian dataset consists
of conversations, narratives, and everyday life sto-
ries recorded during fieldwork conducted in 2011
by twelve native or heritage speakers (8 male,
4 female) of Mišiotika in a village in Northern
Greece. Speakers’ ages range from 19 to 94 years;
the group includes both individuals born in Misti
(Cappadocia) prior to the population exchange
and later-generation speakers born and raised in
Greece. The village where the recordings were
collected is marked with a square on the map in
Figure 1. The audio recordings were manually
segmented into utterances and transcribed by two
trained native speakers; in addition, parallel trans-
lations into SMG were provided as an auxiliary re-
source (and are not used as the reference transcrip-
tion in our ASR evaluation).

Cretan The Cretan dataset combines previously
published material with newly collected record-
ings. The previously published material con-
sists of approximately two hours of already-
processed transcribed radio broadcasts represent-
ing the Eastern Cretan variety, originally pub-
lished by Vakirtzian et al. (2024)1 and recorded
between 1998 and 2001 by Radio Mires in the
Messara region of Heraklion. To extend dialectal
coverage beyond the Eastern variety, we collected

1huggingface.co/datasets/ilsp/cretan-speech-corpus

Audio Duration
Corpus Tokens Utterances Original Processed

Aperathiot2 8,830 798 1h 24m 17s 1h 3m 27s
Cappadocian3 11,715 2,357 3h 29m 42s 1h 17m 5s
Cretan4 36,594 6,897 4h 59m 47s5 3h 56m 54s
Lesbian6 11,652 2,294 2h 29m 14s 1h 6m 12s

Total 68,791 12,346 12h 23m 0s 7h 23m 38s

Table 1: Summary Statistics of the Speech Corpora.

additional recordings in 2025 from two elderly
native speakers (1 male, 1 female) from Western
Crete, consisting of natural conversations and nar-
ratives. The villages where the new Western Cre-
tan data were recorded are marked with squares
on the map in Figure 1. The transcriptions of the
new data were generated using Whisper Large-v3
and manually corrected by trained native-speaker
linguists. All transcriptions follow the orthogra-
phy of SMG and adhere closely to the conven-
tions used by Vakirtzian et al. (2024) in the Eastern
Crete corpus to ensure comparability of subsets.

Lesbian The Lesbian dataset was collected
through fieldwork conducted in 2023–2024
and consists of narratives, conversations, and
everyday-life stories from eleven native speakers
(5 male, 6 female) originating from eight vil-
lages in northern Lesbos. Initial audio-aligned
transcriptions were generated using Whisper
Large-v3 and subsequently manually corrected
by a trained linguist who is also a native speaker
of the dialect. Transcription follows the bench-
mark policy described below (Section 4.1):
dialectal forms are rendered in the Greek al-
phabet using SMG-based grapheme–phoneme
correspondences, with systematic adaptations to
capture characteristic phonological patterns of
northern vocalism. Specifically, the raising of
/o/ (orthographic o, ω) is transcribed as oυ, and
the raising of /e/ (orthographic αι, ϵ) as ι. The
deletion of unstressed high vowels /u/ and /i/
(corresponding to the relevant Greek orthographic
representations) is marked by an apostrophe only
in word-final position; word-internal deletions are
not represented, in order to preserve compatibility
with standard orthographic conventions.

2huggingface.co/datasets/ilsp/aperathiot-speech-corpus
3huggingface.co/datasets/ilsp/cappadocian-speech-

corpus
4huggingface.co/datasets/ilsp/cretan-extended-speech-

corpus
5For Cretan, "Original" reflects the Eastern corpus as pub-

lished plus unprocessed Western recordings.
6huggingface.co/datasets/ilsp/lesbian-speech-corpus

https://huggingface.co/datasets/ilsp/cretan-speech-corpus
https://huggingface.co/datasets/ilsp/aperathiot-speech-corpus
https://huggingface.co/datasets/ilsp/cappadocian-speech-corpus
https://huggingface.co/datasets/ilsp/cappadocian-speech-corpus
https://huggingface.co/datasets/ilsp/cretan-extended-speech-corpus
https://huggingface.co/datasets/ilsp/cretan-extended-speech-corpus
https://huggingface.co/datasets/ilsp/lesbian-speech-corpus
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4.1 Transcription Policy and Benchmark
Scope

The benchmark provides dialectal transcriptions
(e.g., Kuparinen, 2025), not dialect-to-standard
renderings (e.g., Blaschke et al., 2025; Ducceschi
and Franzini, 2025; see also Dimakis et al., 2025
on dialect normalization for Greek in NLP). All
varieties are transcribed using the 24-letter Greek
alphabet and an orthography anchored in SMG
grapheme-phoneme correspondences; i.e., we em-
ploy SMG-based spelling conventions as an ortho-
graphic substrate while preserving dialectal lexi-
cal and morphophonological forms. This choice
is motivated by the fact that the dialects cov-
ered here do not have a widely adopted stan-
dardized orthography; therefore, we follow an ad-
hoc pronunciation-oriented spelling practice that
is common in modern dialectal texts for these va-
rieties, aiming for consistency across corpora and
readability for Greek-literate users. Importantly,
we do not provide a parallel normalized to SMG
reference transcription; accordingly, the bench-
mark is intended for dialectal ASR (recovering the
dialectal wording in SMG-based Greek orthogra-
phy), rather than dialect-to-standard ASR/speech-
to-standard translation.

4.2 Data Anonymization

All speech data were anonymized prior to release,
at both the audio and transcription levels. For
Aperathiot and Cretan, identifying information
was removed by muting audio segments and delet-
ing aligned transcriptions, while for Cappadocian
and Lesbian, sensitive segments were excluded
during transcription. This process was performed
manually by trained linguists to ensure speaker pri-
vacy while preserving linguistic integrity.

5 Experiments

5.1 Models

To assess the robustness of current ASR systems to
dialectal variation in MG, we evaluate a range of
widely used multilingual speech recognition mod-
els under both inference-only and fine-tuned set-
tings. Our benchmark focuses on models from the
Whisper (Radford et al., 2022) and XLS-R (Babu
et al., 2021) families, as well as Omnilingual ASR
(Omnilingual ASR Team et al., 2025), all of which
have emerged as standard reference points for low-
resource and cross-dialectal ASR.

Inference-only evaluation All dialects are eval-
uated under zero-shot (inference-only) conditions
using pretrained models without dialect-specific
adaptation. We report results for representative
models from the Whisper and XLS-R families,
as well as Omnilingual ASR, enabling compar-
ison across architectures, model sizes, and lev-
els of language-specific adaptation. Specifically,
we evaluate Whisper Large-v3, Whisper Large-v2,
Whisper-medium, XLS-R-53-greek, XLS-R-300-
greek, and Omnilingual ASR.

XLS-R is a multilingual speech encoder trained
on approximately 56k hours of audio from 53 lan-
guages. In our experiments, we use Greek-adapted
XLS-R variants, which provide stronger baselines
for MG and closely related varieties than the origi-
nal multilingual checkpoints. Whisper, in contrast,
is a large-scale multilingual sequence-to-sequence
model trained on substantially larger and more het-
erogeneous data: Whisper Large-v2 was trained
on roughly 680k hours of weakly supervised au-
dio, while the most recent Large-v3 extends train-
ing to approximately 1 million hours of weakly la-
beled audio and an additional 4 million hours of
pseudo-labeled data generated using Large-v2. Fi-
nally, Omnilingual ASR is a large-scale multilin-
gual model supporting over 1,600 languages and
is evaluated exclusively under inference-only con-
ditions.

Fine-tuning In addition to inference-only evalu-
ation, we examine the impact of dialect-specific
adaptation by fine-tuning XLS-R-53-greek and
Whisper-medium for 35 epochs. Fine-tuning is
performed separately for each dialect included in
the benchmark.

Larger Whisper variants (Large-v2 and Large-
v3) were not fine-tuned due to their high com-
putational cost and the increased risk of overfit-
ting given the limited amount of available dialec-
tal data. Omnilingual ASR was likewise evaluated
only in a zero-shot setting, as its scale and training
setup make dialect-specific fine-tuning impractical
in low-resource scenarios. Similarly, XLS-R-300-
greek was not fine-tuned, since preliminary experi-
ments showed no clear gains over the smaller XLS-
R-53-greek variant under low-resource conditions.

5.2 Preprocessing

All datasets were processed using a unified prepro-
cessing pipeline to ensure consistency across di-
alects. All preprocessing, fine-tuning, and evalu-
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ation scripts are available at https://github.com/
athena-ilsp/greek-dialects-asr. Audio record-
ings were converted to mono WAV files at a sam-
pling rate of 16 kHz. Text normalization consisted
of lowercasing the text and removing punctuation.

5.3 Segmentation
ASR models require relatively short audio seg-
ments for both training and evaluation. All record-
ings were therefore segmented into utterances
with a maximum duration of 30 seconds. For Cap-
padocian, where time-aligned transcriptions were
already available, segmentation was performed au-
tomatically using the existing annotations.

For the remaining dialects, which include
newly collected material, audio recordings were
first transcribed using Whisper, and the result-
ing timestamp information was converted into
Praat TextGrid files (Boersma and Weenink, 2001).
Next, these files were manually reviewed and cor-
rected by trained native-speaker linguists, who re-
fined both segment boundaries and transcriptions.
Non-speech material, such as long pauses, untran-
scribed portions, and, where applicable, the utter-
ances of the fieldworker, was removed. As a result,
the effective audio duration was reduced for some
datasets, as reflected in Table 1.

5.4 Dataset Construction
Following segmentation, a separate dataset was
constructed for each dialect using the resulting
audio–text pairs. Utterances exceeding 30 sec-
onds were excluded. The material was then split
into training, development, and test sets using an
80/10/10 split to enable supervised adaptation and
evaluation.

5.5 Fine-tuning
Fine-tuning experiments were carried out us-
ing XLS-R-53-greek and Whisper-medium with
model selection based on validation WER (best
checkpoint loaded at the end of training). XLS-
R-53-greek was trained on an NVIDIA GeForce
RTX 3090 GPU for up to 35 epochs with early
stopping, using a learning rate of 3 × 10−4, batch
size of 8, and gradient accumulation of 2. Whisper-
medium was trained on an NVIDIA A100 with a
learning rate of 10−5 and the same batch config-
uration; training used step-based evaluation and
checkpointing every 1000 steps up to a maximum
of 10000 update steps. Parameter-efficient fine-
tuning methods (e.g., LoRA) are left for future

work and would enable extending fine-tuning to
larger checkpoints under the same compute bud-
get.

6 Results

This section reports the performance of the evalu-
ated ASR models on Greek dialectal speech. We
first present inference-only (zero-shot) results ob-
tained with pretrained models, followed by results
after dialect-specific fine-tuning. Performance is
measured using Word Error Rate (WER) and Char-
acter Error Rate (CER), computed on normalized
text without punctuation.

6.1 Inference-only Evaluation

ASR performance under inference-only condi-
tions, measured by WER and CER, is reported
in the upper parts of Tables 2-5. Across dialects,
WER and CER exhibit distinct but complementary
patterns that reflect both the degree of dialectal di-
vergence from SMG and the ability of different
model architectures to capture subword structure
under mismatch.

For Aperathiot and Cretan, both southern di-
alects sharing core phonological and morphosyn-
tactic properties with SMG, error rates are con-
sistently lower than for the remaining varieties.
Whisper Large-v3 achieves the best zero-shot
performance in both cases (Aperathiot: WER
61.85%, CER 33.08%; Cretan: WER 70.24%,
CER 41.74%), indicating that large multilingual
sequence-to-sequence models are relatively robust
when dialectal variation remains close to the stan-
dard language.

The Omnilingual ASR model performs com-
petitively for Aperathiot, slightly outperforming
Whisper Large-v3 at both the word and character
level (WER 60.22%, CER 31.04%), but degrades
more substantially on Cretan (WER 86.31%, CER
49.45%). In contrast, the Greek-adapted XLS-
R models yield WERs exceeding 100% in both
dialects, despite somewhat lower CERs, suggest-
ing that while some subword patterns are cap-
tured, word-level reconstruction fails under zero-
shot conditions.

For Lesbian, the only northern dialect in
the benchmark, both WER and CER increase
markedly across all models. Whisper Large-
v3 again performs best (WER 80.87%, CER
57.70%), while Omnilingual ASR shows compa-
rable character-level accuracy (CER 56.07%) but

https://github.com/athena-ilsp/greek-dialects-asr
https://github.com/athena-ilsp/greek-dialects-asr
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Model Checkpoint WER (%) CER (%)

Large-v3 pretrained 61.85% 33.08%
Large-v2 pretrained 69.68% 40.84%
Whisper-medium pretrained 70.32% 39.73%
XLS-R-53-greek pretrained 104.18% 91.89%
XLS-R-300-greek pretrained 101.08% 90.48%
Omnilingual ASR pretrained 60.22% 31.04%
XLS-R-53-greek7 epoch 34 45.64% 16.45%
Whisper-medium8 step 2000 37.41% 15.54%

Table 2: Aperathiot Model Performance Comparison.

Model Checkpoint WER (%) CER (%)

Large-v3 pretrained 96.65% 59.72%
Large-v2 pretrained 105.94% 70.41%
Whisper-medium pretrained 117.13% 91.25%
XLS-R-53-greek pretrained 109.4% 97.48%
XLS-R-300-greek pretrained 103.1% 94.03%
Omnilingual ASR pretrained 101.24% 59.72%
XLS-R-53-greek9 epoch 16 68.17% 30.66%
Whisper-medium10 step 4000 77.79% 47.80%

Table 3: Cappadocian Model Performance Compari-
son.

substantially higher WER (95.05%). The elevated
CER values across models indicate systematic dif-
ficulties in modeling vowel reduction and deletion
associated with northern vocalism, which affects
not only word segmentation but also character-
level alignment. The persistent gap between south-
ern and northern dialects thus emerges clearly in
both evaluation metrics.

Cappadocian represents the most challenging
case under inference-only evaluation. All pre-
trained models exhibit extremely high WERs, re-
flecting severe word-level mismatch. Whisper
Large-v3 attains the lowest WER (96.65%) and
a comparatively lower CER (59.72%), closely
matched at the character level by the Omnilin-
gual ASR (CER 59.72%) but with higher WER
(101.24%). Other Whisper variants and the
Greek-adapted XLS-R models perform progres-
sively worse, with CER values exceeding 70%
and in some cases approaching 95%. The diver-
gence between WER and CER for Cappadocian
is particularly informative: although most models
fail to recover correct word forms, lower CERs
for Whisper Large-v3 and Omnilingual ASR sug-

7huggingface.co/ilsp/xls-r-53-greek-aperathiot
8huggingface.co/ilsp/whisper-aperathiot-asr
9huggingface.co/ilsp/xls-r-53-greek-cappadocian

10huggingface.co/ilsp/whisper-cappadocian-asr
11huggingface.co/ilsp/xls-r-53-greek-cretan-extended
12huggingface.co/ilsp/whisper-cretan-extended-asr
13huggingface.co/ilsp/xls-r-53-greek-lesbian
14huggingface.co/ilsp/whisper-lesbian-asr

Model Checkpoint WER (%) CER (%)

Large-v3 pretrained 70.24% 41.74%
Large-v2 pretrained 78.90% 50.67%
Whisper-medium pretrained 81.69% 55.92%
XLS-R-53-greek pretrained 106.29% 94.81%
XLS-R-300-greek pretrained 102.55% 93.04%
Omnilingual ASR pretrained 86.31% 49.45%
XLS-R-53-greek11 epoch 6 55.04% 22.08%
Whisper-medium12 step 2000 37.02% 17.02%

Table 4: Cretan Model Performance Comparison.

Model Checkpoint WER (%) CER (%)

Large-v3 pretrained 80.87% 57.70%
Large-v2 pretrained 92.02% 57.70%
Whisper-medium pretrained 87.89% 60.86%
XLS-R-53-greek pretrained 107.96% 97.02%
XLS-R-300-greek pretrained 102.03% 93.6%
Omnilingual ASR pretrained 95.05% 56.07%
XLS-R-53-greek13 epoch 22 71.79% 32.97%
Whisper-medium14 step 4000 54.73% 26.70%

Table 5: Lesbian Model Performance Comparison.

gest partial preservation of phonotactic or sub-
word structure even under extreme mismatch. This
outcome is expected given that Cappadocian is
a typological outlier within the Greek dialectal
continuum: beyond prolonged contact with Turk-
ish, it has undergone extensive structural changes
across all linguistic levels, resulting in substan-
tial lexical, phonological, and morphosyntactic di-
vergence from the data used to pretrain current
ASR models.

Overall, inference-only results point to a strong
interaction between dialectal distance and error
type. Varieties closer to SMG yield lower WER
and CER, whereas increased phonological diver-
gence and contact-induced change lead to sharp
degradation, most visibly at the word level. At
the same time, systematic WER–CER gaps indi-
cate that some architectures preserve limited sub-
word structure even when word-level reconstruc-
tion fails. Interpretation of zero-shot scores must
also account for the benchmark target: our refer-
ences encode dialectal lexical and morphophono-
logical forms rendered in SMG-based orthogra-
phy (cf. Section 4.1), so performance reflects
not only acoustic mismatch but also lexical and
orthographic mismatch with decoders biased to-
ward standard-language distributions. Models ex-
posed predominantly to SMG text may therefore
normalize toward SMG-like outputs or fail to re-
produce dialect-specific spellings, inflating WER
under inference-only settings.

Taken together, these observations suggest that

https://huggingface.co/ilsp/xls-r-53-greek-aperathiot
https://huggingface.co/ilsp/whisper-aperathiot-asr
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current pretrained ASR systems do not adequately
handle Greek dialectal speech—especially struc-
turally divergent varieties—without dialect-aware
adaptation, motivating the fine-tuning experiments
presented in the following section.

6.2 Fine-tuning
Dialect-specific fine-tuning leads to substantial
and consistent improvements across all varieties
(Tables 2-5, lower rows), confirming that even
limited amounts of dialectal data are sufficient to
markedly reduce both WER and CER.

For the southern dialects (i.e., Aperathiot and
Cretan), fine-tuning Whisper-medium yields the
strongest gains. In Aperathiot, WER is reduced
from 60.22% under the best inference-only setting
(Omnilingual ASR) to 37.41%, corresponding to
a 39% relative improvement, while CER drops
to 15.54%. Cretan shows the largest absolute
improvement: Whisper-medium achieves 37.02%
WER and 17.02% CER, representing a 47% rel-
ative WER reduction compared to the best zero-
shot model (Whisper Large-v3 at 70.24%). These
results indicate that dialects structurally close to
SMG benefit strongly from lightweight adaptation,
with fine-tuning substantially closing the gap be-
tween dialectal and standard speech recognition.

For Lesbian, fine-tuning also yields clear im-
provements, though performance remains lower
than for southern dialects. Whisper-medium re-
duces WER from 80.87% to 54.73% (32% relative
improvement) and CER from 57.70% to 26.70%.
The remaining gap reflects persistent phonological
divergence due to northern vocalism, which con-
tinues to challenge word-level recognition even af-
ter adaptation, despite substantial gains at the char-
acter level.

Cappadocian remains the most challenging vari-
ety after fine-tuning. The best-performing adapted
model is XLS-R-53-greek, achieving 68.17%
WER and 30.66% CER, corresponding to a 29%
relative WER reduction compared to the best zero-
shot result (Whisper Large-v3 at 96.65%). No-
tably, for Cappadocian, XLS-R-53-greek outper-
forms Whisper-medium after fine-tuning, revers-
ing the pattern observed in the other dialects. This
suggests that the wav2vec-style architecture may
be better suited to extreme out-of-distribution set-
tings when sufficient dialect-specific acoustic ev-
idence is provided, particularly at the subword
level, as reflected in the larger CER reductions.

Across all dialects, fine-tuning consistently nar-

rows the gap between WER and CER, indicat-
ing improved alignment between acoustic model-
ing and lexical prediction. However, the magni-
tude of improvement varies systematically with
dialectal distance: while adaptation largely miti-
gates mismatch for southern dialects, varieties in-
volving deep structural divergence and extensive
contact-induced change remain substantially more
difficult.

Overall, these results demonstrate that fine-
tuning is essential for robust ASR on Greek di-
alects, but also that model architecture and dialect
typology jointly shape the limits of adaptation un-
der low-resource conditions.

7 Discussion and Outlook

Across both inference-only and fine-tuned settings,
dialectal distance from SMG is a strong predictor
of ASR difficulty, with systematic differences be-
tween southern, northern, and contact-influenced
varieties. Southern dialects (Aperathiot, Cretan)
are consistently easier, while the northern Lesbian
and especially Cappadocian remain substantially
harder, even after adaptation.

A key result is the growing divergence between
WER and CER as dialectal distance increases. For
the southern dialects, both metrics are compara-
tively lower, suggesting that models recover not
only phonotactics but also a meaningful portion of
the word inventory. For Lesbian and Cappadocian,
WER rises sharply—often approaching or exceed-
ing 100% in zero-shot evaluation—while CER re-
mains noticeably lower. This is clearest in Cap-
padocian, where Whisper Large-v3 and Omnilin-
gual ASR both reach 59.72% CER but still exhibit
very high WER (96.65% and 101.24%), indicating
that subword structure is partially captured even
when word-level recognition breaks down under
severe lexical and structural mismatch.

Model comparisons further point to architec-
tural effects. Whisper Large-v3 is the strongest
zero-shot Whisper model across dialects, while
Omnilingual ASR generalizes unevenly: it slightly
outperforms Large-v3 on Aperathiot, but degrades
on Cretan, where Large-v3 is clearly better. In
contrast, both Greek-adapted XLS-R models per-
form poorly in zero-shot conditions across di-
alects, and scaling from XLS-R-53-greek to XLS-
R-300-greek yields no clear improvement, sug-
gesting that model scaling alone does not resolve
strong dialectal mismatch.
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Fine-tuning improves all varieties but with un-
even returns. Whisper-medium reaches ≈37%
WER on both Aperathiot and Cretan (about 40–
47% relative reduction), while Lesbian (54.73%)
and Cappadocian (68.17%) remain substantially
harder. Notably, Cappadocian is the only case
where fine-tuned XLS-R-53-greek outperforms
fine-tuned Whisper-medium, suggesting that CTC-
style adaptation may be more robust than seq2seq
decoding under extreme out-of-distribution con-
ditions (for similar results and discussion in
dialectal/low-resource settings, see Williams et al.,
2023; Adnan and Hassani, 2025; see also Barcov-
schi et al., 2023; Vásquez-Correa and Álvarez Mu-
niain, 2023). This suggests architectural differ-
ences in handling extreme out-of-distribution data,
a question worth exploring in future work.

Our findings align with prior Greek dialect ASR
benchmarking (Vakirtzian et al., 2024). Their zero-
shot Whisper Large-v3 result on Eastern Cretan
(58.42% WER; single speaker) is lower than ours
on combined Eastern–Western Cretan (70.24%),
plausibly reflecting greater internal variation in
Western Cretan (Kontosopoulos, 2008) without
changing the overall pattern. Similarly, our results
for the dialect of Lesbos match the high-error pro-
file reported for the closely related Aivaliot variety
(zero-shot WER > 100%), reinforcing that north-
ern vocalism and related SMG-mismatch phenom-
ena pose a systematic challenge for pretrained
ASR. Beyond ASR, similar distance-sensitive
transfer effects have been observed in morphosyn-
tactic parsing, with stronger transfer from SMG
to Cretan than to Lesbian (Bompolas et al., 2025;
Vakirtzian et al., 2025). Contact-driven divergence
remains the hardest case: Vakirtzian et al. (2024)
report WER > 100% for Griko (Italo-Romance
contact plus Latin orthography), while Cappado-
cian (contact with Turkish plus extensive struc-
tural change) is the most challenging variety in
our benchmark even after fine-tuning. Unlike
Aivaliot, where Turkish influence is largely lexi-
cal (Vakirtzian et al., 2024), Cappadocian shows
multi-level restructuring that amplifies lexical and
subword mismatch.

Overall, performance ranges from WERs near
37% for fine-tuned southern dialects to nearly
70% for Cappadocian, highlighting the need for
dialect-specific benchmarks and adaptation strate-
gies. For the most divergent varieties, where or-
thographic and lexical gaps persist, approaches
beyond straightforward fine-tuning (e.g., dialect-

aware pretraining or modeling) may be necessary,
particularly for endangered dialects where ASR
can support documentation and revitalization.

Limitations

As with most dialectal ASR studies, our results
are shaped by practical constraints related to data
availability, transcription conventions, and compu-
tational resources. The limitations outlined be-
low contextualize the reported WER and CER
scores and highlight directions in which future
work could improve reliability, comparability, and
linguistic interpretability.

Orthography and transcription variability.
None of the examined dialects has a fully stan-
dardized orthography, and transcriptions therefore
necessarily reflect local conventions and annota-
tor decisions. Although we aimed to keep tran-
scriptions as close as possible to SMG orthogra-
phy, including systematic choices for northern vo-
calism in Lesbian, residual inconsistencies remain
and may inflate both WER and CER, particularly
for varieties with larger lexical and phonological
gaps from SMG. This issue is especially salient
for Cappadocian, where extensive contact-induced
and internal restructuring places additional pres-
sure on spelling conventions, and where multi-
ple transcribers may adopt slightly different prac-
tices. Moreover, inter-annotator agreement was
not formally measured, which limits our ability to
quantify transcription consistency and disentangle
annotation-related variability from model-induced
errors.

Heterogeneous transcription pipelines. In ad-
dition to orthographic variability across dialects,
the benchmark currently includes subcollections
produced via different annotation workflows (e.g.,
direct manual transcription vs. manual correction
of ASR-bootstrapped drafts). Even when the same
transcription policy is targeted, workflow differ-
ences may yield subtle systematic effects (e.g.,
segmentation preferences or persistence of model-
like spellings). Users who wish to train on the
benchmark as a single pooled dataset should there-
fore treat transcription workflow as a potential con-
found and consider (i) training and evaluating per
dialect, (ii) adding workflow metadata as a con-
trol variable, and/or (iii) applying post-hoc nor-
malization of segmentation and tokenization con-
ventions. Extending the benchmark with parallel
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re-annotation under a single unified pipeline is an
important direction for future work.

Data size, speaker coverage, and domain differ-
ences. While the benchmark expands dialectal
coverage, the amount of processed audio remains
limited for some varieties (e.g., approximately one
hour for Aperathiot and Lesbian, and about 1h17m
for Cappadocian), and speaker diversity is uneven
across datasets. For instance, the Western Cretan
subset is based on recordings from a small num-
ber of speakers, whereas the Eastern Cretan data
originate from radio broadcasts. These factors
constrain the robustness of fine-tuning results and
may limit generalization to broader speaker pop-
ulations and communicative contexts within each
dialect.

Limited error diagnosis beyond aggregate met-
rics. Evaluation is based on aggregate WER and
CER computed over normalized text (lowercased,
punctuation removed). While this enables con-
sistent quantitative comparison, it does not re-
veal which specific dialectal phenomena, such
as phonological alternations, morphological varia-
tion, lexical borrowing, or word boundary effects,
contribute most to recognition errors. A more
detailed qualitative error analysis could provide
deeper insight into model behavior and better in-
form future adaptation strategies (see, for example,
Parsons et al., 2023; Blaschke et al., 2025).

Speaker overlap across splits. The training, de-
velopment, and test partitions are constructed at
the utterance level, which implies that the same
speakers appear in all splits. This split strategy is
common in low-resource ASR benchmarks, but it
can lead to optimistic scores because models may
partially leverage speaker-specific characteristics
observed during training. As a result, these results
primarily reflect within-speaker generalization un-
der dialectal mismatch; evaluating cross-speaker
robustness would require speaker-disjoint splits,
which we leave for future benchmark extensions
and ablation experiments.

Computational constraints. Computational re-
sources limited the range of adaptation strate-
gies explored. In particular, large models such
as Whisper Large-v2/Large-v3 and Omnilingual
ASR were evaluated only in zero-shot settings, and
fine-tuning was restricted to Whisper-medium and
XLS-R-53-greek. As a result, we did not investi-
gate more computationally demanding approaches

such as continued pretraining, larger-scale hyper-
parameter optimization, or dialect-aware model
variants, which may be necessary for highly diver-
gent varieties such as Cappadocian.

Ethical Considerations

All speech data used in this study were col-
lected with informed consent from participants
and anonymized prior to inclusion in the bench-
mark. Personal names and identifiable informa-
tion were removed at both the audio and transcrip-
tion levels through manual review by trained lin-
guists, and no sensitive personal data are released.
In the case of the Cappadocian recordings, which
were collected during earlier fieldwork, consent
for research use and subsequent reuse of the data
was obtained by the original fieldworker.

Several of the examined varieties are low-
resource or endangered (notably Cappadocian),
and the goal of this work is to support linguistic
documentation and technological inclusion rather
than deployment in real-world applications. The
reported ASR models exhibit high error rates for
several dialects, and their outputs should not be in-
terpreted as suitable for practical use or decision-
making involving speakers of these varieties.

Finally, dialectal ASR systems may reproduce
or amplify existing linguistic biases if deployed
without adequate adaptation and evaluation. We
therefore frame this benchmark as a research re-
source aimed at understanding model limitations
and guiding future work, rather than as an endorse-
ment of current systems for dialectal speech pro-
cessing.
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