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Abstract

Previous Korean automatic dialect identification systems have demonstrated limited accuracy, hovering around 60%, and
have often relied on traditional machine learning models. A further methodological issue has been the categorization of
dialects by administrative districts, a method inconsistent with established linguistic boundaries. This study seeks to
overcome these limitations by applying a modern, Transformer-based, end-to-end speech model, wav2vec 2.0 cross-lingual
speech representation (XLS-R). The model, pre-trained on approximately 436,000 hours of speech from 128 languages,
was fine-tuned for this task. We also re-categorized the dialects into six major linguistic zones: Central, Gyeongnam,
Gyeongbuk, Jeonnam, Jeonbuk, and Jeju. Using a dataset of middle-aged and senior male speakers, the XLS-R model was
compared against baseline models like Bi-LSTM. The results show a significant performance increase, with the XLS-R
model achieving an F1 score of 86.8%—a 14 percentage point improvement over the strongest baseline. While confusion
between certain dialects persists, this research validates the effectiveness of applying large-scale, pre-trained models to the
nuanced task of dialect identification and underscores the importance of using linguistically-informed categories.
Furthermore, the findings contribute to advancing dialect identification technology for applications in speech recognition
and forensic science.
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Figure 1. Automatic dialect identification of a cross-lingual speech representation (XLS-R) model fine-tuned with Korean phoneme recognition
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Table 1. Data distribution for the dialect identification experiments
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Figure 2. Confusion matrices of dialect identification (Left: eGeMAPS Bi-LSTM, Middle: Fine-tuned XLS-R, Right: Pre-trained XLS-R)
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QoA = XLSR Tdlo] A A5 wof|A] 943}t
g Blont mdo] kel A Fdl ol A Folg Shgat

2. 370] 3l A% 28 Az
Table 2. Korean Dialect Identification Performance

23k =7 2d precision recall F1
scaled
mean DNN 0.440 0.440 0.438
MFCC
frame- LSTM 0.595 0.559 0.565
level Bi-LSTM 0.651 0.638 0.639
scaled Attention
MECC Bi-LSTM 0.658 0.644 0.647
eGeMAPS
func- DNN 0.632 0.626 0.626
tionals
LSTM 0.717 0.715 0.715
eGeMAPS Bi-LSTM 0.739 0.737 0.738
LLDs Attention
Bi-LSTM 0.734 0.727 0.728
16KHz XLS-R 0.876 0.863 0.865
(pre-trained)
mono
raw audio XLS-R 0.878 0.867 0.868
(fine-tuned)

XLS-R, cross-lingual speech representation.

o J7E o DA sl oF sh=Al ol gk A2 T ek &
3 Lo A= XLS-R 22 W multi-head self-attention =141 2]
attention weight w225 A7]0] -2 ZHefA o]3g 5= Ql=A
Abm -t} 78] 31 Whisper(Radford et al., 2023), HuBERT(Hsu et
al., 2021), WavLM(Chen et al., 2022) 52} 72-2 T} e E
v 7 64 BARe] A WRE F7hE e ool
o} HH, NORME| 7]l uh2 $pAF ks g o el 4
M AEE PR ATE Ste] T Aol e A 4
53} ulste] 4 vke] SAo] Wl Aol w) A Qe

ohal b2 < gl

=
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