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Abstract

A major issue in audio modeling is speaker bias,
in which the models learn language external
traits, such as a speaker’s timbre or pitch, and
use this information as a shortcut to a language
task. This is especially problematic for dialec-
tology, as it is typical in dialect corpora that
only a few speakers represent a complete di-
alect area. In this paper, we explore the effects
of speaker bias in two dialectal tasks: dialect
identification and automatic dialectal transcrip-
tion. We build two different data partitions of
dialect interviews in Finnish and Norwegian: 1)
a speaker dependent partition in which all of the
speakers appear in training, development, and
test sets, and 2) a speaker independent partition
where each speaker only appears in exactly one
set. We further experiment with modifications
of the training data by augmenting the origi-
nal audio with pitch shifts and noise, as well
as changing the original speakers’ voices with
voice conversion models. We show that the di-
alect identification models are highly affected
by speaker bias, whereas automatic dialectal
transcription models are not. The audio modifi-
cations do not offer major performance gains
for either of the languages or tasks.

1 Introduction

Natural language processing (NLP) has long been
focused on texts, mostly collected from the internet.
The recent development of self-supervised speech
models such as wav2vec2.0 (Baevski et al., 2020)
and Whisper (Radford et al., 2022) has however
shifted the focus more towards audio data, offer-
ing possibilities for automatic speech recognition
(ASR), speech synthesis, and spoken language iden-
tification, for instance. A similar shift can be seen
in dialectologically inclined NLP, for which data
has typically been text in the form of (phonetically)
transcribed speech or user-generated content from
social media.

One major difference between text and audio in

dialectal tasks is the nature of the medium: speech
consists of many speaker-related effects (timbre,
pitch, duration, etc.) in addition to the linguistic
content, whereas text is formally more consistent
(written mostly in standardized alphabets). This
raises potential issues, as the speech models learn
speaker-specific traits instead of (or at least in ad-
dition to) dialectal traits. Since dialectal datasets
often include only a few speakers per dialect, this
can lead trained models to neglect dialectal infor-
mation and only focus on the speaker effects as a
shortcut to dialect identification, for instance. This
effect can be called speaker bias (or speaker leak-
age) in audio models (Abdullah et al., 2025).

In this work, we analyze the effects of speaker
bias in two dialect-focused NLP tasks: dialect
identification and automatic dialectal transcrip-
tion. We use interview data from two unrelated
languages in Finnish and Norwegian, and create
two different data partitions to showcase the po-
tential issues in data processing. Based on these
partitions, we analyze how speaker bias can alter
the perceived performance of models in dialectal
audio tasks. We further explore typical methods
used to mitigate speaker bias in speech modeling,
such as audio augmentation and voice conversion,
as possible solutions to the raised issues. Working
on pre-trained models, the focus of the paper is not
in best possible performance, but the performance
differences introduced in data preprocessing. The
main contributions of the paper are thus:

» show and analyze the effects of speaker bias in
dialect identification and automatic dialectal
transcription,

* explore possible solutions in audio augmenta-
tion and voice conversion, and

* analyze performance in the two tasks in two
unrelated languages.
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Style SKN (fi)

LIA (no)

Transcript jos vuav ver 1dhtt60
Standard  jos vain veri ldhtee
English if only the blood bleeds

denn fysste kjirrkja sa va byggde # sto pa enn annja plass
den fgrste kyrkja som var bygd stod pa ein annan plass
the first church that was built was in another place

Table 1: Examples from the two datasets with the dialectal transcription on top and a standard language alternative
below. Our Norwegian dataset is standardized to Nynorsk. The # in the Norwegian example denotes a pause in

speech. An English gloss is presented at the bottom.

2 Related Work

2.1 Dialect Identification

Language and dialect identification from text is a
standard task in natural language processing. The
automatic distinction between distant languages
has been declared solved (McNamee, 2005), but
for similar languages and dialects the task is still
relevant.

Dialect identification has been extensively stud-
ied in the the VarDial workshops, that have often
included a shared task in discriminating between
similar languages and dialects (e.g., Gaman et al.,
2020; Chakravarthi et al., 2021; Aepli et al., 2023).
For a long time, traditional linear classifiers such
as support vector machines, naive Bayes, and logis-
tic regression, offered the best performance in the
dialect identification tasks (e.g., Wu et al., 2019;
Jauhiainen et al., 2019; Camposampiero et al.,
2022). Another popular option has been to fine-
tune BERT for classification tasks (e.g., Zaharia
et al., 2020; Bengoetxea et al., 2025). Related to
the languages concerned in this paper, Himéaldinen
et al. (2021) train a text only and text+audio di-
alect classifiers on the same Finnish dataset that we
use. However, they split their data based on utter-
ances only, corresponding to the speaker dependent
set of our work (see Section 3.1), and use a more
fine-grained dialect division.

Dialect identification from audio files has gained
more interest after the release of the large pre-
trained audio models. Systems utilizing Whisper
(e.g., Elleuch et al., 2025) and wav2vec2.0 (e.g.,
Gutscher and Pucher, 2025) for dialect identifica-
tion have become increasingly popular for instance
in the Interspeech conferences. Many works com-
ment on the problems with identifying dialects di-
rectly from the original audio and propose differ-
ent workarounds, such as low-pass filtering and
FO monotonization (Parsons et al., 2025) or voice
conversion (Abdullah et al., 2025; Fischbach et al.,
2025), as well as model modifications (Luo and
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Zhou, 2023). Kakouros and Hiovain-Asikainen
(2023) present results on North Sami dialect iden-
tification, and also experiment with splitting their
data into speaker dependent and speaker indepen-
dent partitions, which is also a part of this study
(see Section 3.1.)

2.2 Automatic Speech Recognition on Dialects

Most works on automatic speech recognition (ASR)
focus on producing standard language text, even if
the spoken language would be non-standard. This
is a natural goal, given that many downstream ap-
plications need commands in the standard language.
There is a broad field of studies on making dialec-
tal speech automatically recognized to the standard
language (e.g., Pliiss et al., 2022; Miwa and Kai,
2023; Lin et al., 2024).

Another popular direction in automatic speech
recognition has been automatic phoneme recogni-
tion, aiming to train (universal) systems that rec-
ognize the phonemes in speech and output corre-
sponding IPA symbols (e.g., Li et al., 2020, 2022;
Glocker et al., 2023). Automatic dialectal transcrip-
tion can be characterized by being somewhere in
between the standard language ASR and phoneme
recognition: transcriptions aim to be phonetically
precise, but are often language-specific and might
not make some distinctions that are not relevant
for the language (e.g., sibilants in Finnish are tran-
scribed as /s/ irrespective of their true phonetic
nature). The difference between dialectal transcrip-
tions and standard languages in our datasets is pre-
sented in Table 1.

Works that aim to automatically transcribe
speech to this domain instead of the standard lan-
guage or the phoneme level are scarce. Suwan-
bandit et al. (2023) release a dataset of Thai di-
alects with transcriptions and translations to stan-
dard Thai, and further report on ASR experiments
with the dataset. Kuparinen (2025) trains auto-
matic dialectal transcription models on the same
Finnish and Norwegian datasets that are described
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Figure 1: The speakers of both datasets on a map with dialect information as color. Norwegian speakers are
presented with circles and Finnish speakers with triangles. If there are multiple speakers per location, the points are
dislocated (e.g., Bergen on the West coast of Norway). In the Norwegian classification, Namdal and Uttrgndersk are
concatenated as well as Helgeland and Nordland. Map is made with QGIS.

in this work, but only utilizes the speaker depen-
dent data partition. Some works also aim to pro-
duce both standard language text and dialectal text
and compare the systems (Nigmatulina et al., 2020;
Blaschke et al., 2025). Since dialectal transcrip-
tions tend to have varying styles and quality, the
task can be compared to low resource ASR, where
data volume is likewise low and available texts
might not be highly standardized.

2.3 Audio Modification

A typical way to mitigate speaker bias in speech
modeling is augmenting the audio with modifica-
tions, such as changing the pitch of the voice or
incorporating time or frequency masking. Speed
perturbation (Ko et al., 2015) and SpecAugment
(Park et al., 2019) are well known systems designed
to augment the feature inputs with modifications of
speech, pitch, and frequency.

Augmentations have been found to be benefi-
cial, for example, in automatic speech recognition
of dysarthric speech (Bhat et al., 2022), emotion
recognition (Wu and Lee, 2023) and language as-
sessment (Lun et al., 2024). Ullah et al. (2024)
experiment with different augmentation techniques
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for pre-training low resource speech models, and
find that the combination of noise and pitch shifting
offers best performance. We use similar augmenta-
tions in this work.

Besides augmentation of the speech features, an-
other option for speaker bias mitigation has been
the synthetic creation of new voices with systems
such as HiFi-GAN (Kong et al., 2020) or using
voice conversion. Voice conversion aims to trans-
form a spoken sequence to the voice characteristics
of another speaker. In essence, it makes an utter-
ance sound as if it was spoken by someone else.

Voice conversion has been utilized, for instance,
in automatic speech recognition (Casanova et al.,
2023) and keyword recognition (Wubet and Lian,
2022). It has been found to be helpful in low-
resource settings, where the number of natural
speakers tends to be small (Baas and Kamper,
2022). This is similar to many dialectal datasets,
where each dialect is often presented by only a
handful of speakers. Abdullah et al. (2025) present
results on Arabic dialect identification, comparing
the effects of different modifications on the origi-
nal audio. They show that both data augmentation



and voice conversion enhance performance both
in domain and out of domain. Given their positive
results, our setup follows their work.

3 Data

We use dialectal datasets of two unrelated lan-
guages, namely Finnish and Norwegian.! For
Finnish, we use the Samples of Spoken Finnish (In-
stitute for the Languages of Finland, 2014), which
includes 99 interviews from 50 Finnish-speaking
locations that present all of the Finnish dialects.
The interviews were mostly recorded in the 1960s,
and have since been digitized, annotated and tran-
scribed phonetically using the Uralic phonetic al-
phabet. We filter the dataset to only include audio
segments with a duration between 1 and 20 seconds.
The filtered data includes approximately 65 hours
of audio from the dialect speakers. We use the
dialect division put forth by Itkonen (1989) with
8 dialect areas. The interview locations and their
traditional dialect area are presented in Figure 1.

For Norwegian, we use the LIA Norwegian
speech corpus (Norwegian University of Science
and Technology et al., 2019), which is a joint effort
of four Norwegian universities, aiming to collect
the old dialectal interviews into one corpus (Ha-
gen et al., 2021). We only use the interviews that
were labeled as free talk (fritale) and exclude the
ones that had other tasks or a special focus (such
as place names). After the filtering, the dataset in-
cludes 465 speakers from 159 locations, and around
173 hours of audio from the dialect speakers. The
interviews are transcribed phonetically using the
Dano-Norwegian alphabet with # as a pause marker.
We use the same duration limit for Norwegian as
for Finnish. Furthermore, for the computationally
heavy task of automatic transcription, we only use
half of the available Norwegian data to make train-
ing possible with our resources.

We use the dialect division presented by Skjekke-
land (1997)%. The dataset is unbalanced on dialects
however, with 137 speakers of the South-Western
(Sgrvestland) dialects and only three speakers from
Helgeland. We thus combine some of the smaller
dialect areas based on their top-level dialect: Nam-
dalsk and Uttrgndersk (both part of the Trgndersk

'The segmented data are available at
//huggingface.co/collections/okuparinen/
dialectal-transcription-fi-no

>We utilize the mapping of municipality names and
dialect areas by Phoebe Parsons, available at https:

//www.nb.no/sprakbanken/en/resource-catalogue/
oai-nb-no-sbr-92/.

https:
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dialects), and Nordlandsk and Helgelandsk (both
part of the Northern dialects). The interview loca-
tions and their dialect areas are presented in Fig-
ure 1.

3.1 Data Splitting

In natural language processing tasks, (dialectal)
data are often split into training, development, and
test sets by splitting interviews in proportions (e.g.,
80% to training, and 10% to both development and
test sets). Since all speakers appear in all data splits,
the tasks might be easier than actual use cases in
the wild. This is especially true for audio tasks,
where models learn speaker-specific traits, and can
use these traits as a shortcut to the actual task (e.g.,
dialect identification). We will construct a data split
with the described basic setup, with each speakers’
utterances divided 80/10/10, which will be called a
speaker dependent set (following Kakouros and
Hiovain-Asikainen, 2023).

As a comparison, we also construct a speaker
independent setup. In this setup, we split the data
into training, development, and test sets on full
interviews, assigning 80% of interviews to training,
10% to development, and 10% to testing (see also
Kuparinen et al., 2023). Furthermore, as one of
our tasks is dialect identification, we make sure
that all dialects are always presented in all of the
data splits, assigning interviews to the sets based
on the amount of speakers per dialect as presented
in Figure 1. We will also do further augmentation
and voice conversion on this data split, described
in Sections 3.2 and 3.3.

3.2 Audio Augmentation

For audio augmentation, we use both pitch shift
and additional noise. Using torchaudio (Hwang
et al., 2023), we take the original audio sample and
randomly shift the pitch of the voice with either
-4, -2, +2, or +4 steps. Furthermore, we add low
level noise to the pitch shifted waveform matching
the duration of the signal. Thus, the original audio
will have a slightly different pitch than before, and
the whole segment will have added noise on the
background. To keep the setup relatively simple,
we do not use any further augmentations (such as
frequency or time masking). Both pitch shift and
noise were found to be beneficial for Arabic dialect
identification by Abdullah et al. (2025).
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Setup Training Train size Orig. Aug. VC ‘ Test
Speaker dependent

Original all speakers N v b 4 b 4 all speakers
Voice per dialect all speakers N b 4 b 4 4 all speakers
Speaker independent

Original 80% of speakers N 4 X X 10% of sp.
Orig. + Pitch shift and noise  80% of speakers 2 x NV v v x 10% of sp.
Orig. + VC with one voice ~ 80% of speakers 2x N v ) 4 v 10% of sp.
Orig. + VC with four voices 80% of speakers 5x IV v x v 10% of sp.

Table 2: Summary of the different data splits and operations on the training set. The first two setups serve as
benchmarks for speaker bias in speech models. N=the size of original training utterances. Orig.=original audio,
Aug.=audio augmentation with pitch shifts and noise, VC=voice conversion of the original audio. Sp. = speakers.
Development set has the same setup as the test set. Exact sizes of the different sets are presented in Appendix A.

3.3 Voice Conversion

We use nearest neighbor voice conversion (kNN-
VC) presented in Baas et al. (2023).% The approach
utilizes reference segments from another speaker
to convert the original voice, while still maintain-
ing the dialectal content. As reference speakers,
we use external dialectal datasets: for Finnish, we
utilize the Finnish Dialect Corpus of the Syntax
Archive (University of Turku and Institute for the
Languages of Finland, 2021), and for Norwegian
we use readings of the North Wind and the Sun in
different dialects.*

For our voice conversion setups, all of the train-
ing samples are conversed to the voice of another
speaker. These voice conversed training sets are
then concatenated with the original training sam-
ples, effectively multiplying the size of the training
data (as is done with the augmented data as well).
We experiment with one voice (training data twice
the size of the original) and with four voices (train-
ing five times the size of the original).

As a final experiment, we also construct a voice
conversed version of the speaker dependent dataset,
where each dialect is represented by exactly one
voice. This setup is called voice per dialect and is
designed to highlight what happens when speaker
traits and dialect traits are combined. If our as-
sumption is correct, and the models use speaker
identification as a shortcut to dialect identification,
classifiers trained on the voice per dialect set should
perform poorly when tested on new voices. The dif-
ferent data setups are summarized in Table 2. The

3The implementation is available at https://github.
com/bshall/knn-vc.
“Available at https://www.hf.ntnu.no/nos/.
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development and test sets are composed of the orig-
inal speech samples throughout the experiments
without any modifications.’

4 Task Setup

To evaluate the effect of speaker bias in dialecto-
logical speech modeling, we set up two different
dialect-focused tasks: dialect identification and au-
tomatic dialectal transcription. As the point of the
work is not in achieving best possible results for
each task, we do not experiment with different base
architectures and hyperparameters. Instead, we use
wav2vec2.0 (Baevski et al., 2020) based models
with basic settings for both tasks. For Finnish, we
use the base model trained with 150,000 hours of
Finnish speech®, including 2740 hours of colloquial
Finnish (Getman et al., 2025). Such large base
models were not available for Norwegian, which
is why we use the base version of the multilingual
MMS model’ (Pratap et al., 2023). We further
report MMS results of the Finnish speaker indepen-
dent set with original audio to facilitate base model
comparison.

4.1 Dialect Identification

For the dialect identification task, we extract em-
beddings of our audio samples encoded by the base
models. As it is known that the different layers of
the models encode different aspects of the speech
signal, we experimented with the first layer, middle
layers (6 for Finnish, 6 and 12 for Norwegian), and

The code for the paper is available at: https://github.
com/okuparinen/DialectSpeakerBias.

®https://huggingface.co/GetmanY1/
wav2vec2-base-fi-150k

"https://huggingface.co/facebook/mms-300m
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the final layer (12 for Finnish, 24 for Norwegian)
for the embedding extraction. We found that layer
number 6 offers best performance in our classifi-
cation task for both languages. We thus train our
final classifiers on the embeddings extracted from
this layer. A comparison of the different layers is
presented in Appendix B.

The embeddings have dimensions of N x 768
for the Finnish model, and N x 1024 for the MMS
model, where N is the number of 25 ms frames
in the utterance. Since the utterances have differ-
ing length, we aggregate the embeddings over the
utterances. We take the mean and standard de-
viation over the full utterance (resulting in 1536
dimensions per utterance for Finnish and 2048 di-
mensions for Norwegian), and use these utterance-
based embeddings to train a linear support vector
machine classifier.

For our classifier, we first scale the data for zero
mean and unit variance before optionally applying
principal component analysis on the scaled data.
The data is then fed to a linear, class-balanced SVM
using one-vs-rest classification strategy. We experi-
ment with the input embedding dimensions (using
mean and standard deviation, or only mean or only
standard deviation), as well as with using PCA or
not using it. For PCA, we also experiment with the
number of components (128 or 256 for Finnish and
128, 256 or 512 for Norwegian), and select the best
design for each dataset. As a text comparison, we
train a similar SVM model with a tf-idf vectorizer
on character n-grams of 2 to 4 characters, without
applying PCA, on the manual transcriptions.

We use the classifier to predict dialect labels
for the development and test sets based on their
embedding representations. We evaluate the results
on macro F1 and accuracy. We also report the 95%
confidence intervals for the results.®

4.2 Automatic Dialectal Transcription

We finetune the base models with our transcribed
dialectal data for a maximum of 15 epochs (early
stopping of 10 epochs) with connectionist temporal
classification (CTC) loss. We freeze the feature
extractor before finetuning and use a learning rate
of 5-e4 for the smaller Finnish dataset and 1e-4
for the larger Norwegian dataset. The finetuning
is done with the Huggingface Transformers toolkit
(Wolf et al., 2020). We evaluate the systems on

8Calculated with https://github.com/luferrer/
ConfidenceIntervals with 1000 bootstrap sets.
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character error rate (CER), which in transcription
text is more informative than word error rate.”

5 Results

5.1 Dialect Identification

The results for the dialect identification experi-
ments are presented for both languages in Table 3.
The first rows of the tables have the same data
structure (each interview split into training, devel-
opment, and test sets based on utterances), as do
the bottom rows (each interview appears in exactly
one set).

Starting with the speaker dependent setup, very
clear evidence of speaker bias can be observed. Us-
ing only the original audio, the scores are very high,
indicating that the classifier learns to connect the
speaker traits to a dialect in the training phase. This
effect becomes evident when comparing it to the
voice per dialect set, which uses the exact same
data split but with converted voices for each dialect.
When evaluated against the same test set, the classi-
fication performance collapses as the classification
model has learned to connect the speakers to the
dialects, but is then faced with unheard voices. The
text baseline is solid for Finnish, but worse than the
audio based model. For Norwegian, the text model
is far behind the audio model.

It is also noticeable that for the speaker depen-
dent set, both languages have very similar perfor-
mance in the audio models: around 90% accuracy
scores for the original audio and around 17% for
the voice per dialect setup. This is not true for the
speaker independent setup, where Norwegian has
much higher scores throughout. This also indicates
that, for the speaker dependent setup, the linguistic
factors are not as important as the speaker traits for
the classification. In essence, the model is more of
a speaker recognition system than a dialect identifi-
cation system.

For the speaker independent data split, we see
a performance drop of around 60 points on orig-
inal audio for Finnish, and around 40 points for
Norwegian. This further indicates there is a major
speaker related effect in the classification. For the
text based models, there is also a considerable ef-
fect of the data split change for Finnish, but not so
much for Norwegian. For Finnish, the text based
model clearly outperforms audio, whereas for Nor-
wegian the audio models are slightly better.

“We use the implementation provided in https: //github.
com/nsmartinez/WERpp.
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SKN (fi)

Setup Macro F1 1 Accuracy 1
Speaker dependent

Transcription text 74.8573:10-7653 77 8376:48-79.12
Original audio 88.7787:44-90.04 g9 7988.84-90.73
Voice per dialect 16.071472-1741 17 011575-18.28
Speaker independent

Transcription text 61.8860-32-6351 65 2363.74-66.70

Original audio 24.20%306-25.52 33 3831.83-34.90
Orig. + Pitch shift and noise  27.5526-10-2889 39 g531.25-34.40
Orig. + VC with one voice ~ 21.05'981-22.26 ¢ 8525.49-28.37
Orig. + VC with four voices 29.63%821-30.98 38 (936.65-39.64

LIA (no)
Setup Macro F1 1 Accuracy 1
Speaker dependent
Transcription text 53.0151:89-54.05 58 9157.98-59.76
Original audio 91.6971:04-92.30 g3 5£92.09-93.01
Voice per dialect 12.5811.95-13.19 17 4516.75-18.18

Speaker independent
Transcription text

Original audio 50.4749-595137 64 5063:55-6547
Orig. + Pitch shift and noise ~ 51.65°0895244 64 9764.12-65.90
Orig. + VC with one voice ~ 51.3230-385215  65,3264.39-66.21
Orig. + VC with four voices 49.31485550.07 62 9161.93-63.88

47. 1746.03—48.25 54_3053.34—55.24

Table 3: Macro F1 and accuracy scores for the classification task with 95% confidence intervals in superscript. The
top table shows the SKN (Finnish) results, and the bottom table shows the LIA (Norwegian) results. Per-chance
accuracy is 12.5 for Finnish and 11.11 for Norwegian. For comparison, using the MMS model for the Finnish
speaker independent set with original audio achieves a macro F1 score of 27.05%31-2819 (4279 vs. monolingual).
Results on the development set and model details (embedding dimensions, PCA parameters) are provided in
Appendix B.

Setup SKN (fi) LIA (no)
Speaker dependent
Original audio 9.65%43987 19.3019-02-19:55

Voice per dialect 16.81 1647-17.19 99 3829.04-29.72

Speaker independent

Original audio 15.8915:46-16.31 () 2119.91-20.50
Orig. + Pitch shift and noise  16.4316:00-1683 19 5319.31-19.87
Orig. + VC with one voice ~ 16.35!1391-1676 () 1719.88-20.46
Orig. + VC with four voices  17.55!7-16-17.95  2() 9920.71-21.26

Table 4: Character error rate % ({) results of the automatic transcription on the different data splits with 95%
confidence intervals in superscript. The MMS model finetuned for the Finnish speaker independent set with original
audio achieves a character error rate of 19.45'%08-1985 (43 56 vs. monolingual).
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The performance of the audio models is poor
for Finnish across the board, whereas for Norwe-
gian the models fare better. Regarding the audio
modifications, there is a lack of a consistent and
meaningful effect. For both languages, the aug-
mentation with pitch shifts and noise offers a tiny
performance gain in macro F1 over the original
audio, whereas the voice conversions seem unsta-
ble. For Finnish, the model with four additional
voices is clearly the best of the audio models, but
for Norwegian it is the worst. Likewise the system
with one additional voice is the best model for Nor-
wegian in terms of accuracy but clearly the worst
for Finnish.

The classification results are very different from
the ones reported by e.g., Abdullah et al. (2025),
who present a consistent performance gain from
augmentation and voice conversion. Possible
causes for this are that we are working with more
dialect classes (8 and 9 vs. 5) and older data with
possibly inconsistent quality, but the lack of posi-
tive results is still surprising.

5.2 Automatic Dialectal Transcription

The results for the automatic dialectal transcrip-
tion task are presented in Table 4. For the speaker
dependent models, the original audio still offers
better performance than the voice per dialect sys-
tem. For Finnish, the difference is not as large as
for the classification task, however. In fact, the
voice per dialect system is only slightly worse than
the original audio based system in the speaker in-
dependent split for Finnish (although the speaker
dependent split is easier in that the same topics ap-
pear in both training and testing, even if the voices
are different).

For Norwegian, the difference between the orig-
inal audio and voice per dialect systems in the
speaker dependent set is very large. Interestingly,
the difference between the dependent and indepen-
dent sets is quite small (0.91 points in CER % for
the original audio). For Finnish the difference is
larger, but still not as big as for the classification
task. This indicates that automatic transcription is
not as dependent on the speakers as the classifica-
tion.

In terms of character error rate, the modifica-
tions of the original audio are consistently harmful
for the transcription quality in the Finnish experi-
ments. Adding more voices and thus more training
data with the same transcriptions seems to make
the models worse, possibly overfitting to the train-
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ing data. For Norwegian, however, the scores are
similar for all versions, but the augmented data
offers best results. This was also the case in the
classification task.

Comparing the two languages, results for
Finnish are consistently better than for Norwegian.
This is most likely a result of at least two causes:
1) for Finnish, we could use a language-specific
base model but for Norwegian we had to use a
multilingual one', and 2) for the Norwegian data,
we noticed inconsistent quality in both the audio
and the transcriptions, most likely resulting from
the fact that the corpus is collected from multiple
sources. This is also reflected in the transcription-
based classification, where the Finnish models are
performing better than the Norwegian ones, indicat-
ing possible variation in the Norwegian transcrip-
tion quality. Finally, in the audio classification the
results were converse: Finnish models are much
worse than Norwegian. This could be a result of
clearer dialectal differences in the Norwegian data,
which makes identification easier, but building a
unified transcription model harder.

5.3 Classifying on Automatic Transcriptions

As a final experiment, we analyze if the classifi-
cation scores for Finnish can be elevated by clas-
sifying the utterances based on the automatically
created transcriptions presented in Section 5.2. We
use the text models trained on manual transcrip-
tions for the original classification experiments in
Section 5.1, but infer on the automatically created
transcriptions of the test set. We only analyze the
results on the Finnish data, as the Norwegian audio
models outperformed the text based systems. The
results are presented in Table 5.

The classification on the automatic transcriptions
enhances performance dramatically with macro F1
scores around 25 points higher compared to the
audio based classification. Even the highly speaker
dependent system of voice per dialect achieves a
macro F1 score of 45.82. In the speaker indepen-
dent setup, the ASR model based on original audio
was the best in terms of character error rate, but
the worst in terms of classification F1 (albeit the
differences are small for both cases). In conclusion,
the text based models massively outperform audio
in speaker independent setups for Finnish, even if
the text is automatically created.

%Using MMS for Finnish enhanced performance in the

classification task, but worsened it in the transcription task,
following the Norwegian results.



Setup

Audio

ASR

Speaker dependent
Original audio
Voice per dialect

88‘7787.44790.04
16.0714'72_17'41

62.8660.96—64.59
45.8244'06_47'49

Speaker independent
Original audio

Orig. + Pitch shift and noise
Orig. + VC with one voice
Orig. + VC with four voices

24‘2923.06—25.52
27.5526.10—28.89
21.05 19.81-22.26

29.6328'21_30'98

48.1046'5349'72

50.5348.99—52.12
49.9448.30751.59
49.6648' 12-51.22

Manual transcription
Speaker dependent
Speaker independent

74.8573' 10-76.53
61 .8860'32_63'51

Table 5: Macro F1 scores 1 for Finnish SVM classifiers with 95% confidence intervals in superscript. On the left,
we present the results for classifiers trained and evaluated on audio embeddings, and on the right, the models trained
on manual transcriptions and evaluated on automatic transcriptions. The corresponding classification results for the
manual transcriptions are presented on the bottom. The Norwegian results are omitted, as the audio models already

outperformed the manual transcription based systems.

6 Conclusion

In this paper, we have shown how speaker bias
severely affects audio modeling in dialect identifi-
cation and to a lesser extent in automatic dialectal
transcription, with data from two unrelated lan-
guages. The speaker dependent setup highlighted
how audio models shortcut to speaker recognition
instead of dialect identification: using original au-
dio in training achieved excellent scores for both
languages, whereas using the same data split with
a single voice per dialect ended in collapse.

We further aimed to mitigate the effects of bias
with traditionally used techniques in audio augmen-
tation and voice conversion. While there were some
positive effects, the overall usefulness of these
methods on the tasks remained negligible. This
is in contrast to previous findings on, for instance,
Arabic dialect identification (Abdullah et al., 2025).
Especially for Finnish, dialect identification proved
to be difficult for all models, and classification
on transcriptions provided far better results. Con-
versely for Norwegian, identification from audio
outperformed text, but automatic dialectal transcrip-
tion performed worse than for Finnish.

This work has focused on speaker bias mitiga-
tion solutions that are applied on the input (i.e., the
waveform itself). More elaborate systems could
also be applied post-hoc, by targeting the embed-
ding dimensions that hold the most information
on speaker traits, and filtering or down-weighting
such dimensions. Thebaud et al. (2024) use Inte-
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grated Gradients to trace which phonemes affect
speaker recognition the most, but a similar sys-
tem could be applied also to trace speaker effects
from model embeddings. Zhu et al. (2025) train
ECAPA-TDNN (Desplanques et al., 2020) based
speaker embeddings and use SHAP values to trace
the speaker-affected dimensions from the content
embeddings of different self-supervised models.
They further experiment how filtering the speaker
information affects ASR accuracy. Systems based
on explainability methods could thus provide inter-
esting possibilities for dialectal audio modeling as
well, but they are beyond the scope of this paper
and thus left for future work.

Limitations

The building of the speaker independent set is a
possible source of variation. As the data splits
are constructed from full interviews, the scores
are highly affected by the interviews chosen to the
development and test sets. A possible way to un-
dermine this effect would be to build several folds
of the data split. We restricted our experiments to
one fold due to resource limitations, but included
the 95% confidence intervals to show possible fluc-
tuation.

This work focuses on two languages spoken in
the Nordic countries. Even though the languages
represent different families, the datasets themselves
are largely collected following similar dialectologi-
cal and cultural ideologies.
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A Data Size

Table 6 presents the data sizes in whitespace sepa-
rated tokens and audio duration in hours and min-
utes. Because the speaker independent sets consist
of full interviews, they show more variation in size
than the speaker dependent sets that are split on
utterances.

B Development Set Results

Table 7 presents the results of the classification
task on the different layers of the development set.
The results clearly show that layer 6 offers best
performance for all setups, and it was thus used for
the final classification.

Table 8 presents the development set results for
the classification task, as well as the inputs for the
SVM model (using the mean and standard devia-
tion (std), or just mean or just standard deviation of
the utterance embeddings). If PCA was used, the
number of components is also presented. The devel-
opment set results are broadly 5—10 points higher
than the test set results for Finnish, and around
5 points higher for Norwegian. For the develop-
ment set, the setup with original audio and 4 voices
achieves the best score of the speaker independent
set for both languages.

Table 9 presents the development set results
for the automatic dialectal transcription task. For
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Train Dev. Test

Dataset  Split Tokens Audio Tokens Audio Tokens Audio

SKN (fi) Dependent 498,587 52:02 62,907 06:35 62,356  06:33
Independent 489,168 51:12 64,031 06:36 70,651  07:23

LIA (no) Dependent 1,562,453 138:16 194,773 17:19 200,969 17:53
Independent 1,575,923 140:04 206,627 17:59 175,645 15:24

Table 6: Statistics of the used data. Audio duration in hh:mm. Dev. = development set.

SKN (fi) LIA (no)
Setup L1 L6 L12| L1 L6 LI2
Speaker independent
Original audio 20.34 3240 23.16 | 42.33 53.01 47.44

Orig. + Pitch shift and noise 21.06 32.43 21.97 | 4585 54.08 47.72
Orig. + VC with one voice ~ 24.31 33.82 24.89 | 4556 54.68 47.83
Orig. + VC with four voices 25.87 34.88 25.70 | 43.07 54.87 44.97

Table 7: Layer-wise macro F1 scores in the classification task for the development set. L = layer.

SKN (fi) LIA (no)
Setup SVM Macro F1 1 ‘ SVM Macro F1 1
Speaker dependent
Transcription - 74.15 - 52.77
Orig. audio mean-+std 90.04 mean-+std 92.26
Voice per dialect std, PCA 256 15.55 std, PCA 528 13.04
Speaker independent
Transcription - 66.85 - 49.39
Orig. audio mean, PCA 256 32.40 mean-+std 53.01
Orig. + Aug. std 3243 mean-+std 54.08
Orig. + VC1 mean, PCA 128 33.82 mean-+std 54.68
Orig. + VC4 mean-+std 34.88 mean-+std 54.87

Table 8: Macro F1 scores on the development set in the classification task, as well as the SVM model inputs for the
best model. The number of PCA components are presented if PCA was used.

Finnish, the results are very slightly better than Setup SKN (fi) LIA (no)

for the test set, whereas for Norwegian the test

set results are better by around 2 points across the Sp.ea'ker dependent

speaker independent set. Original audio 9.74 19.37
Voice per dialect 16.75 29.75
Speaker independent
Original audio 15.00 22.00
Orig. + Aug. 15.26 21.51
Orig. + VC1 15.42 22.12
Orig. + VC4 16.99 23.01

Table 9: Character error rate % () results of the auto-
matic transcription on the development set.
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