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Abstract

Recent accent classification systems can
achieve high accuracy in standard in-corpus
evaluations. However, when speakers over-
lap between the training and test sets, such
results may overestimate model robustness
compared with real-world deployment scenar-
ios. This study revisits the robustness of
DistilHuBERT-based accent classification by
using L2-ARCTIC and multiple external En-
glish accent datasets. The comparison covers
file-level and speaker-disjoint splits, along with
balanced external-data training and teacher-
student pseudo-labeling. The large perfor-
mance gap between in-corpus and external
evaluations suggests that file-level evaluation
substantially overestimates performance, while
speaker-disjoint evaluation can provide a more
realistic estimate of the generalization to un-
seen speakers. In this study, models trained
on external data alone do not reliably general-
ize to L2-ARCTIC. Among the tested configu-
rations, balanced external-data training offers
the most promising supervised setting. The
pseudo-labeling experiments further indicate
that confidence-based filtering alone is insuffi-
cient under domain mismatch. Overall, this
study suggests that robust accent classifica-
tion evaluation should simultaneously include
speaker-disjoint evaluation and cross-corpus
testing.

1 Introduction

1.1 Background

A speaker’s native language or dialect can influ-
ence acoustic and prosodic patterns when speaking
a second language such as English. Accent-related
variation may appear in segmental and supraseg-
mental pronunciation features, such as vowel and
consonant realization, stress, rhythm, and intona-
tion (Li et al., 2018). The Hugging Face model
kaysrubio/accent-id-distilhubert-finet
uned-12-arctic2 is an open-source accent classi-
fier based on DistilHuBERT (Chang et al., 2022).

This model was trained on the L2-ARCTIC cor-
pus, which is a non-native English corpus contain-
ing recordings of speakers with six first-language
backgrounds: Arabic, Hindi, Korean, Mandarin,
Spanish, and Vietnamese (Zhao et al., 2018; Rubio,
2024).

However, the preliminary evaluation shows that
the robustness of this model outside the original
dataset is limited. Specifically, the model achieves
near-perfect accuracy on L2-ARCTIC under an in-
corpus file-level setting, but performs substantially
worse on external datasets. One possible expla-
nation is that the model may partially rely on the
speaker-specific acoustic characteristics within the
L2-ARCTIC dataset, rather than the common char-
acteristics of a certain type of accent (Shibano et al.,
2021).

To address this issue, this study revisits
DistilHuBERT-based accent classification under
speaker-disjoint and cross-corpus evaluation set-
tings, and analyzes whether balanced external-
data training and pseudo-labeling improve robust-
ness beyond standard file-level evaluation (Shibano
et al., 2021; Rubio, 2024).

1.2 Motivation and Contributions

The evaluation of the public Hugging Face base-
line provides an example of a broader issue: high
file-level accuracy alone is not sufficient evidence
of robust accent classification. When the same
speaker’s voice samples are present in both the
training and test sets, the model may utilize speaker-
specific acoustic patterns rather than accent-level
representations. This issue motivates a more rig-
orous evaluation of accent classification based on
DistilHuBERT under speaker-disjoint and cross-
corpus settings (Shibano et al., 2021).

This study makes four main contributions:
(1) it reproduces and externally evaluates a
public DistilHuBERT-based L2-ARCTIC accent-
classification baseline (Zhao et al., 2018; Rubio,


kaysrubio/accent-id-distilhubert-finetuned-l2-arctic2
kaysrubio/accent-id-distilhubert-finetuned-l2-arctic2

2024), indicating that high in-corpus accuracy does
not necessarily imply robust cross-corpus perfor-
mance; (2) it constructs a speaker-disjoint evalua-
tion protocol for L2-ARCTIC accent classification
and compares it with file-level evaluation to ex-
amine the effect of speaker overlap on reported
accuracy; (3) it introduces multiple external En-
glish accent datasets and evaluates an expanded
eight-class setting, covering Arabic, Hindi, Korean,
Mandarin, Spanish, Vietnamese, British Isles En-
glish, and Singaporean English; and (4) it evaluates
balanced external-data construction and teacher-
student pseudo-labeling to analyze whether exter-
nal speech data can improve robustness under do-
main mismatch (Lee, 2013).

2 Related Work

2.1 Accent Classification and Non-Native
English Speech

Due to its close relationship with speech recogni-
tion, pronunciation assessment, and accent-aware
spoken language technologies, automatic accent
classification is receiving increasing attention. Pre-
vious studies have shown that accent-related infor-
mation can be obtained from the acoustic, phonetic,
and prosodic characteristics of speech (Ahamad
et al., 2020; Matos et al., 2024; Najafian and Rus-
sell, 2020).

L2-ARCTIC is one of the commonly used cor-
pora for non-native English speech research (Zhao
et al., 2018). This dataset contains recordings
from English speakers with six different first lan-
guage backgrounds: Arabic, Hindi, Korean, Man-
darin, Spanish, and Vietnamese. Moreover, in this
dataset, speaker identities and accent labels are
both available, so L2-ARCTIC is suitable for con-
trolled accent-related experiments.

Other accent-related corpora have also been pro-
posed. AccentDB, for example, was introduced as
a database of non-native English accents for accent
classification and accent-aware speech processing
(Ahamad et al., 2020). More recent studies have
further explored accent classification using neural
and pre-trained speech models (Matos et al., 2024).
These studies show that accent categories can be
predicted from speech signals, but many of them fo-
cus primarily on classification accuracy rather than
on whether the reported accuracy remains stable
under speaker-disjoint or cross-corpus evaluation.

The publicly available Hugging Face baseline
follows the research approach of fine-tuning Dis-

tilHUBERT on L2-ARCTIC for six-class accent
classification (Rubio, 2024). Although such pub-
licly available reports have demonstrated excellent
performance within the corpus, their robustness
under speaker-disjoint and external evaluation set-
tings remains insufficiently studied.

2.2 Speaker-Disjoint Evaluation and
Cross-Corpus Generalization

In accent classification research, a major challenge
is to ensure that the reported performance can re-
flect the model’s ability to learn accent-level pat-
terns, rather than merely memorizing the specific
characteristics of the speaker. The issue of speaker-
disjoint evaluation is precisely related to this chal-
lenge. When the same speaker’s utterances appear
simultaneously in the training set and the test set, a
model may utilize speaker identity cues instead of
learning accent representations.

This issue has been discussed in the context
of non-native English automatic speech recogni-
tion. Shibano et al. (2021) distinguished between
speaker-dependent and speaker-disjoint evaluation
settings and showed the importance of evaluating
generalization to unseen speakers. Although their
work focused on ASR rather than accent classifica-
tion, it highlights a broader concern about speaker
memorization and evaluation validity.

Cross-corpus evaluation is an even more chal-
lenging setting. Differences in recording condi-
tions, corpus design, speaker demographics, speak-
ing style, and label definitions may lead to substan-
tial domain mismatch between different datasets.
Models that perform well within a single corpus ex-
hibit a significant performance decline when evalu-
ated on external speech sources. Related research
on robust automatic speech recognition (ASR) for
accents also indicates that unseen accents and do-
main mismatches remain important factors con-
tributing to performance degradation (Li et al.,
2021; Najafian and Russell, 2020).

Prior work has investigated accent classification,
speaker-disjoint evaluation, and cross-corpus ro-
bustness in speech processing. However, their
combined impact has received less attention in
DistilHuBERT-based accent classification. This
study therefore jointly evaluates file-level, speaker-
disjoint, and cross-corpus settings, and analyzes
how speaker overlap and corpus dependence may
inflate reported performance.



2.3 Self-Supervised and Semi-Supervised
Learning for Accent-Related Tasks

Self-supervised speech representation learning has
substantially improved the performance of down-
stream speech processing tasks. HUBERT learns
context-dependent speech representations by pre-
dicting masked hidden units (Hsu et al., 2021),
while wav2vec 2.0 indicates that large-scale self-
supervised pre-training can reduce the need for la-
beled data in speech recognition and classification
tasks (Baevski et al., 2020). DistilHuBERT retains
most of the representation capabilities of HuBERT
while further reducing computational costs through
layer-wise distillation (Chang et al., 2022).

Self-supervised representations have also been
used for accent recognition and accent-robust
speech recognition (ASR). Deng et al. (2021)
used self-supervised pre-training methods for both
accent recognition and accented speech recogni-
tion. Li et al. (2021) studied accent-robust speech
recognition using supervised and unsupervised
wav2vec embeddings. These studies suggest that
self-supervised speech models can encode accent-
relevant information, motivating the use of Distil-
HuBERT as the backbone model in this study.

Semi-supervised learning provides another pos-
sible direction in cases where reliable accent an-
notations are limited. Pseudo-labeling is a sim-
ple and widely used approach in which a teacher
model assigns labels to unlabeled samples, and
high-confidence predictions are used to train a stu-
dent model (Lee, 2013). In accent classification,
this method is attractive because external speech
data is relatively easy to collect, while reliable ac-
cent annotations are often incomplete or contradic-
tory.

Whereas much prior work focuses on improving
accent-classification accuracy or accent-aware auto-
matic speech recognition (ASR), this work focuses
on evaluating robustness. Rather than introduc-
ing a new neural architecture, this study examines
whether commonly reported accent-classification
performance remains stable under stricter eval-
uation conditions. Specifically, this study ex-
plores evaluation methods at the file-level, speaker-
disjoint, and cross-corpus settings within a unified
DistilHuBERT framework, while also examining
balanced external data training and the pseudo-
labeling method.
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Figure 1: Overview of the speaker-disjoint and cross-
corpus evaluation framework. Solid arrows indicate
supervised training and evaluation, while dashed arrows
indicate the use of external data for balanced training,
pseudo-labeling, and held-out external evaluation.

3 Methodology

3.1 Experimental Framework

Fig. 1 summarizes the experimental framework.
The study first compares file-level and speaker-
disjoint evaluation on L2-ARCTIC. Subsequently,
external accent corpora are incorporated through
balanced external data training, teacher-student
pseudo-labeling, and held-out cross-corpus eval-
uation.

3.2 Task Definition

The task is defined as English accent classification.
Given an input waveform x;, the classifier predicts
an accent label y; from a predefined label set. The
original six-class setup uses the first language back-
ground represented in L2-ARCTIC:

Vs = {Arabic, Hindi, Korean,

Mandarin, Spanish, Vietnamese }.

ey

In the expanded external settings, two additional
categories of English accent have been added:

Vs = Vs U {British Isles English,

. . (2)
Singaporean English}.



All classifiers use DistilHUBERT as the acoustic
encoder (Chang et al., 2022), followed by a classi-
fication head trained with cross-entropy loss.

3.3 Dataset and External Data Construction

The data used in this study consist of the in-domain
L2-ARCTIC corpus and an external speech pool
constructed from multiple public accent-related
datasets. The in-domain corpus is L2-ARCTIC
(Zhao et al., 2018), containing recordings from
24 non-native English speakers, covering six first
language backgrounds, with four speakers in each
category. The post-processed metadata contains
26,867 utterances, with approximately 4,300 to
4,500 utterances per category.

The external speech pool is used for baseline ex-
ternal evaluation, balanced expanded-label training,
and held-out cross-corpus evaluation. The external
sources include Common Accent, Common Na-
tive, CommonVoice Accent Test, English Dialects,
MNSC-v1, MNSC-vl-extend, ESLTTS, GLOBE,
and GLOBE_V2 (DTU54DL, 2026a,b,c; Lacombe,
2026; MERaLiON, 2026; AudioLLMs, 2026; Mu,
2026a,b,c). All audio files are converted to mono-
channel 16 kHz waveform format to match the
input format of DistilHuBERT.

When the label name and the dataset description
clearly match one of the target accent categories,
the external labels will be mapped to the target label
space. Samples with ambiguous, unsupported, or
overly broad labels were excluded from the compa-
rable external evaluation set. The second-level ex-
ternal evaluation set was held out from supervised
training, development, testing, balanced external
sampling, and pseudo-label generation to ensure an
independent held-out evaluation.

The raw external data pool is highly imbalanced
across labels and source datasets, so it should not
be directly used as the final training set. Instead,
a balanced external subset is constructed for the
expanded eight-class setting. British Isles English
and Singaporean English are selected as the two
additional categories because they have sufficient
samples for controlled balanced training. In Round
2, each new category contributes 3,000 training
samples, 375 development samples, and 375 test
samples. For fold 0, the final balanced training set
contains 24,186 speech instances, with each of the
six L2-ARCTIC categories contributing approxi-
mately 2,900 to 3,100 training samples.

Speaker External
Setting overlap use Classes
File-level baseline Yes No 6
Speaker-disjoint baseline No No 6
Balanced external training No Yes 8
Semi-supervised training No Pseudo-labels 6/8
Second-level external test N/A Held out 8

Table 1: Evaluation and training protocols used in this
study.

3.4 Speaker-Disjoint Evaluation

Random file-level split may cause utterances from
the same speaker to be included in both the training
set and the test set simultaneously. In this case,
the high accuracy rate may partly reflect speaker-
specific cues or corpus artifacts, rather than the
accent-level generalization. This issue is partic-
ularly important for L2-ARCTIC, as each accent
category only contains four speakers.

To achieve a more rigorous evaluation setup, this
study constructed a four-fold speaker-disjoint pro-
tocol. In each round of testing, one speaker from
each of the six accent categories was reserved for
testing, while the remaining three speakers were
used for training. Therefore, each round of testing
included six speakers, and each speaker was not
present in both the training and testing sets simul-
taneously.

Table 1 summarizes the main training and evalu-
ation protocols used in this study.

3.5 Teacher-Student Pseudo-Labeling

Semi-supervised learning is implemented through
teacher-student pseudo-labeling (Lee, 2013). Two
types of teacher models are employed: the first is
a six-class DistilHuBERT model trained solely on
speaker-disjoint L2-ARCTIC data; the second is
an eight-class model trained on L2-ARCTIC plus
balanced British Isles English and Singaporean En-
glish data.

For an external sample ;, the teacher predicts a
probability distribution p7(y|x;), and the pseudo-
labels are assigned in the following manner:

y; = argmax pr(y|x;). 3)
yeY
Only when the maximum confidence level of the

sample exceeds the threshold 7 will the sample be
retained:

max xi) > T. 4
e pr(ylz;) > “4)



In the main semi-supervised setup, 7 is set to
0.95, and each predicted category is limited to re-
tain up to 500 pseudo-label samples. This per-class
category limit is intended to reduce the risk of class
imbalance in the pseudo-label set.

The student model is trained on the union of
the supervised training set and the selected pseudo-
label samples:

Dstudent = Dsup U Dpseudo- (5)

Here, Dy, denotes the supervised training set,
Dpseudo denotes the selected external samples with
pseudo labels, and Dy, 4ent denotes the final train-
ing set used for the student model.

The second-level external evaluation set is ex-
cluded from supervised training and pseudo-label
generation to ensure that it serves as an independent
benchmark dataset.

4 Experiments and Results

4.1 Experimental Setup

All experiments used DistilHuBERT as the acous-
tic encoder (Chang et al., 2022). The pub-
licly available Hugging Face baseline was used
as a reference baseline (Rubio, 2024). For the
newly trained models, the base checkpoint was
ntu-spml/distilhubert, and the classification
head was reinitialized according to the target label
space.

The experiment aims to answer four main ques-
tions: (1) whether file-level evaluation overes-
timates accent-classification performance when
speakers overlap between training and test sets; (2)
how performance changes under speaker-disjoint
evaluation; (3) whether balanced external-data
training improves cross-corpus robustness; and
(4) whether confidence-based pseudo-labeling pro-
vides additional robustness in the case of domain
mismatch.

The experimental process consists of three
stages. Round 1 is the diagnostic stage, com-
paring file-level training, speaker-disjoint training,
external-data training, and external-only training.
Round 2 involves retraining the most relevant su-
pervised settings through balanced external-data
construction and with the same training configura-
tion as the public Hugging Face baseline. The fi-
nal stage evaluates teacher-student pseudo-labeling
using high-confidence predictions from trained
teacher models. Throughout the entire pipeline,
in addition to the public Hugging Face reference

Model Internal L2 Acc. (%) External Acc. (%)

99.76 44.52

Baseline model

Table 2: Internal and external evaluation of the repro-
duced file-level baseline model.

model, this study also trained 31 new DistilHu-
BERT models.

For Round 2 and semi-supervised student mod-
els, the training configuration is set as close as
possible to the public baseline. The learning rate is
5 x 1075, the scheduler is linear, the warmup ratio
is 0.1, and the number of epochs is 10. Due to GPU
memory constraints, however, batch size for each
device is set to 4, the gradient accumulation step
i1s 2, and thus the actual effective batch size was
8. The audio input is truncated or padded to the
maximum of 8 seconds, and the feature encoder is
frozen during training.

Four accuracy measures are reported. L2 ac-
curacy denotes evaluation on the held-out L2-
ARCTIC test split. External comparable accuracy
denotes evaluation on external samples whose la-
bels are mapped to the corresponding target label
space. Combined accuracy is computed over the
union of the L2-ARCTIC test set and the compara-
ble external test samples. Level-2 external accuracy
denotes evaluation on the held-out external set that
is excluded from supervised training, balanced ex-
ternal sampling, and pseudo-label generation.

4.2 Baseline Reproduction Check

The first experiment verifies whether high in-
corpus performance can be reproduced under a
file-level L2-ARCTIC setting. As shown in Ta-
ble 2, the replicated file-level baseline achieves
99.76% internal L2 accuracy, but the external ac-
curacy is only 44.52%. This result indicates that
the strong in-corpus result is reproducible, but it
does not alone demonstrate its robust cross-corpus
generalization ability.

This gap motivates this study to adopt more
rigorous speaker-disjoint evaluation and external
held-out testing. Therefore, in subsequent exper-
iments, file-level performance is regarded as an
upper-bound diagnostic setting rather than as suffi-
cient evidence of real-world robustness.

4.3 Round 1 Diagnostic Experiments

Round 1 compares file-level evaluation, speaker-
disjoint evaluation, external-data training, and



external-only training. Table 3 summarizes the
main results.

The file-level baseline model achieved an accu-
racy rate of 100.00% on the official L2-ARCTIC
test split, while the speaker-disjoint L2-only model
reaches 81.40 4 3.62%. This difference supports
the core hypothesis: when speaker overlap is
present, file-level evaluation may lead to an overes-
timation of reported performance.

When evaluated back on L2-ARCTIC, the set-
ting that only used external data performed poorly,
with its official L2 accuracy being lower than 17%.
This indicates that external data cannot simply re-
place the supervision provided by in-domain L2-
ARCTIC. At the same time, the high external com-
parable scores obtained by external-data settings
should be interpreted cautiously, as the original
external data set is severely imbalanced and may
contain source-specific patterns. These results mo-
tivate the balanced external construction used in
Round 2.

Table 4 compares the two most relevant super-
vised Round 1 settings at the fold level. The ex-
panded L2+external setting improves over the L2-
only speaker-disjoint baseline on all four folds.
Across the four matched folds, the expanded set-
ting improves L2 accuracy by an average of 1.61
percentage points (95% CI: 0.16-3.07). Given the
small number of folds, this interval should be in-
terpreted cautiously. Therefore, Round 2 focuses
on two supervised settings: the speaker-disjoint
baseline using only L2, and a balanced expanded-
label model constructed using L2-ARCTIC and
controlled external data.

4.4 Round 2 Balanced External Training

Round 2 evaluates whether the most promising su-
pervised direction from Round 1 remains useful af-
ter explicit external-data balancing. The expanded
model added two new categories, namely British
Isles English and Singaporean English, as both
have sufficient external speech samples for con-
trolled sampling. Each new category contributes
3,000 training samples, 375 development samples,
and 375 test samples. The aim was to reduce the
impact of label imbalance and prevent the classifier
from being dominated by the largest external data
source.

Table 5 summarizes the completed Round 2
models. The L.2-only speaker-disjoint models pro-
vide a supervised baseline across four folds. The
expanded L2+British/Singaporean accent setting

completed two rounds. Due to limited data avail-
ability after label mapping, filtering, and class-
balancing constraints were applied to the exter-
nal corpora, the expanded Round 2 setting could
only be constructed reliably for folds O and 1. As
shown in Table 5, on fold 0, the expanded model
improves L2 test accuracy from 86.20% to 87.90%
and improves the second-level external accuracy
from 42.00% to 68.00%. On fold 1, the expanded
model also improves L2 accuracy from 74.60% to
76.20%, although the combined accuracy remains
lower than the fold-0 setting. These results indi-
cate that, in some cases, balanced external data
training can enhance the model’s robustness, but its
improvement effect is not uniform enough to claim
a decisive improvement in all conditions.

The second-level external evaluation set is par-
ticularly important because it is not included in the
supervised training, balanced external sampling,
and pseudo-label generation processes. There-
fore, it can more rigorously test whether the model
has learned transferable accent-related knowledge
rather than source-specific corpus artifacts.

4.5 Semi-Supervised Self-Training

In the semi-supervised stage, the evaluation as-
sesses whether the teacher-student pseudo-labeling
can further enhance the robustness. Two types
of teacher models are used: a six-class L2-only
teacher and an eight-class expanded teacher. Both
teachers make predictions on an external audio
pool, which excludes all samples used for super-
vised training, development, testing, and second-
level external evaluation. Only the predictions with
a confidence level of at least 0.95 are retained, and
each prediction category is limited to a maximum
of 500 samples.

Table 6: Semi-supervised pseudo-label statistics.

Pseudo-label setting Threshold Max/class Selected
Six-class teacher 0.95 500 2606
Eight-class teacher 0.95 500 1037

Table 6 shows that the six-class teacher selects
more pseudo-labeled samples than the eight-class
teacher. However, the six-class teacher cannot rep-
resent British Isles English or Singaporean English,
so external samples from these categories must be
forced into one of the original six L2-ARCTIC
labels. This introduces a clear risk of noisy pseudo-
labels. The eight-class teacher is more compatible
with the expanded label space, but the selected sam-



Model Labels Training data L2 Acc. (%) Ext. Acc. (%)
Hugging Face baseline 6 L2-ARCTIC 91.65 58.96

File-level baseline 6 L2-ARCTIC 100.00 53.76

Speaker-disjoint baseline 6 L2-ARCTIC 81.40 £3.62 61.27 +15.49
L2 + external 6 L2-ARCTIC + external 81.09 £4.10 100.00 £ 0.00
External only 6 external only 16.35 £ 0.00 100.00 £ 0.00
L2 + external expanded L2-ARCTIC + external 83.01 £2.80 98.55 £ 1.00
External only expanded external only 14.28 £ 0.03 94.22 +0.82

Table 3: Round 1 evaluation results on official L2-ARCTIC and external comparable samples. Fold-based settings
are reported as mean =+ standard deviation across four folds.

Fold L2-only (%) Expanded L2+external (%)

0 86.80 87.10
1 80.15 82.50
2 79.25 80.95
3 79.40 81.50
Mean 81.40 83.01

Table 4: Fold-level official L2 accuracy for the two most
relevant Round 1 supervised settings.

ples mainly concentrate in the two newly added
external categories, thereby limiting the diversity
of pseudo-label supervision.

Table 7 reports the final semi-supervised student
results. As shown in Table 7, in both six-class and
eight-class settings, the student model does not out-
perform its supervised teacher. The six-class stu-
dent decreases from 86.20% to 83.00% on the L2
test set and from 42.00% to 38.00% on the second-
level external set. The eight-class student also de-
creases from 87.90% to 85.00% on the L2 test set
and from 68.00% to 58.00% on the second-level
external set. These results indicate that confidence-
based pseudo-labeling alone is insufficient under
domain mismatch.

Model L2 Acc.(%) Ext. Acc.(%) Level-2 Ext. (%)
Sup. 6-cl Teacher 86.20 71.05 42.00
SSL 6-cl Student 83.00 65.00 38.00
Sup. 8-cl Teacher 87.90 3.95 68.00
SSL 8-cl Student 85.00 4.00 58.00

Table 7: Semi-supervised student model results.

Due to the differences in the label space and
the composition of the external test samples, the
external test accuracy rates of the six-class and
eight-class settings cannot be directly compared.
Therefore, the second-level external accuracy is
taken as the main robustness indicator for the ex-
panded setting.

4.6 Discussion

The experiments lead to four main findings. First,
file-level evaluation substantially overestimates ro-
bustness. The replicated file-level baseline achieves
99.76% internal L2 accuracy but only 44.52% ex-
ternal accuracy, and the Round 1 file-level base-
line reaches 100.00% accuracy on L2-ARCTIC.
In contrast, speaker-disjoint evaluation produces
lower and more realistic estimates, suggesting that
speaker overlap is a major source of performance
inflation.

Second, external-only training does not transfer
reliably back to L2-ARCTIC. Although external-
only settings achieve high external comparable
accuracy, they perform poorly on the official L2-
ARCTIC evaluation. This suggests that external
data alone may encode dataset-specific or source-
specific patterns that do not align with the L2-
ARCTIC accent categories.

Third, balanced external-data training is the most
promising supervised configuration in this study,
but it is not a complete solution. The expanded
L2+external model improves over the L2-only base-
line in all four Round 1 folds, and the Round 2 fold-
0 expanded model improves second-level external
accuracy from 42.00% to 68.00%. However, the
L2 accuracy gains are modest, and the expanded
Round 2 setting is not complete across all folds.

Fourth, confidence-based pseudo-labeling is un-
reliable under domain mismatch. The six-class
teacher generates more pseudo-labeled samples but
cannot represent external accent categories outside
the original six labels. The eight-class teacher bet-
ter matches the expanded label space, but its se-
lected pseudo-labels are concentrated in British
Isles English and Singaporean English. In both
cases, the student model performs worse than the
corresponding supervised teacher, indicating that
high confidence does not necessarily imply cor-
rect or diverse supervision under cross-corpus mis-



Model

Fold L2 Acc. (%) Ext. Acc. (%) Comb. Acc. (%) L2-Ext. Acc. (%)

Round 2 L2-only 0 86.20
Round 2 L2-only 1 74.60
Round 2 L2-only 2 80.10
Round 2 L2-only 3 80.30
Round 2 L2 + British/Singaporean 0 87.90
Round 2 L2 + British/Singaporean 1 76.20

71.05 85.13 42.00
47.37 72.68 -
63.16 78.90 -
67.11 79.37 -
- 81.97 68.00
- 70.82 -

Table 5: Round 2 evaluation results on L2-ARCTIC, external comparable samples, and the second-level external
evaluation set. Dashes indicate settings where the external comparable accuracy is not directly comparable because

the label space or test composition differs.

match.

Overall, the results support speaker-disjoint and
cross-corpus evaluation as necessary components
of robust accent-classification assessment. They
also show that external data and pseudo-labeling
must be handled carefully, because naive use of
external samples can introduce source bias or noisy
supervision.

5 Conclusion and Future Work

This study revisited DistilHuBERT-based accent
classification and conducted experiments under
three evaluation conditions: file-level, speaker-
disjoint, and cross-corpus evaluation settings. The
results showed that when the speakers in the train-
ing set and the test set overlap, the file-level evalu-
ation would significantly overestimate the robust-
ness; while the speaker-disjoint evaluation could
more strictly reflect the generalization ability for
speakers never seen before.

The experiments also show that external-only
training does not reliably transfer back to L2-
ARCTIC. In the evaluation configuration, balanced
external data training is the most effective super-
vised setting, but its improvement effect is still lim-
ited. The semi-supervised pseudo-labeling method
further demonstrated that in the case of domain mis-
match, depending exclusively on confidence-based
filtering is insufficient.

Future work should improve the quality and cov-
erage of external accent labels, evaluate stronger
cross-domain adaptation methods, and examine
more reliable semi-supervised strategies, including
confidence calibration, consistency regularization,
and teacher ensembling. Conducting a larger-scale
evaluation of real user recordings will also more ef-
fectively test practical robustness. The confidence-
thresholding approach is intended as a simple diag-
nostic semi-supervised baseline rather than a com-
prehensive semi-supervised learning framework.

Limitations

This study has several limitations. Firstly, L2-
ARCTIC only includes 24 speakers, with 4 speak-
ers in each of the different first-language back-
grounds. Although the speaker-disjoint protocol is
more stringent than file-level splitting, the number
of speakers in each accent category is still lim-
ited. Second, the external corpora vary in terms
of recording conditions, label definitions, speaker
demographics, and collection procedures. These
differences make cross-corpora evaluation mean-
ingful, but they inevitably lead to mismatches be-
tween the datasets.

Third, since not all the extended and semi-
supervised settings were completed across all four
speaker-disjoint folds, the results of Round 2 ex-
tension and pseudo-labeling should be regarded
as diagnostic rather than statistically conclusive.
Fourth, this study only evaluated the main back-
bone network based on DistilHUBERT. Finally,
in the pseudo-labeling stage, confidence filtering
and per-class upper limits were used, but no con-
fidence calibration, consistency regularization, or
teacher ensembling were included. These meth-
ods may be necessary for achieving more reliable
semi-supervised learning in the case of domain
mismatch.

In addition, the present study is restricted to En-
glish accent classification. Whether the same eval-
uation effects generalize to larger multilingual or
cross-lingual accent datasets remains to be investi-
gated.
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