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Abstract
The fields of dialectology and sociolinguistics are highly

reliant on phonetically transcribed spoken language data, which
are often written in language-specific styles and alphabets.
Transcribing dialectal speech phonetically is time-consuming
and thus a major bottleneck for data collection in variational
linguistics. Meanwhile, the field of automatic speech recogni-
tion (ASR) has taken leaps forward in recent years.

In this work, we introduce automatic dialectal transcrip-
tion as a distinct ASR task and investigate solutions using data
from two unrelated languages (Finnish and Norwegian) with
two levels of transcription precision. We find a large perfor-
mance gap between the languages, as Finnish models are much
more efficient than those for Norwegian. We further evaluate
the character-level errors of both languages and dialectal diffi-
culties of the best Finnish model. We find that the most geo-
graphically central dialects tend to be easier to transcribe than
the more distant ones.
Index Terms: speech recognition, dialect, transcription

1. Introduction
Dialectal transcription is an important part of studies in the
fields of dialectology and sociolinguistics. The spoken audio
recordings, typically collected in interviews or informal con-
versations, are transcribed to closely represent the recorded
speech. This entails transcribing features such as false starts,
hesitations, filler words, and pauses, as well as phonological
and morphological features typically not written in the stan-
dard language. While the International Phonetic Alphabet (IPA)
is sometimes used in dialectal transcription, it is also normal
to employ transcription styles and alphabets that are specific
to different languages or language families. Moreover, word
boundaries are typically marked based on the language being
transcribed. The task thus includes elements from standard lan-
guage transcription, phoneme recognition [1], and rich (or ver-
batim) transcribing [2]. Figure 1 highlights the differences be-
tween phoneme recognition, dialectal transcription, and stan-
dard language text.

Since dialectal transcriptions are often created by profes-
sional linguists and their production is time-consuming, au-
tomating the process would ease and accelerate data collec-
tion massively. Readily available automatic speech recognition
(ASR) tools are typically trained to output standard language
(or at least the standard alphabet), which often makes them un-
suitable for the task off-the-shelf. In this work, we introduce
automatic dialectal transcription as a distinct ASR task. Even
though earlier studies have worked on dialectal data in ASR
[4, 5], the focus has been in standard language output nonethe-
less [6].

Figure 1: An example from a Swiss German corpus [3] with the
audio waveform on top, followed by the phoneme presentation
in IPA, dialectal transcript and a standard language version.
English gloss: ‘Most reactions seem to be positive.’

As a result of the costly creation of transcriptions, the avail-
able labeled data are typically scarce. This makes automatic
dialectal transcription also a low resource task, even if dealing
with large languages. The inherent variation in speech, non-
standard writing and special characters used in transcription
also mean that additional language models are not necessarily
helpful.

We evaluate the difficulties and possibilities of automatic
dialectal transcription using data from two unrelated languages
(Finnish and Norwegian). Both languages are known for their
dialectal variation, and dialects are also often used in everyday
life. Moreover, there are large collections of dialectal data avail-
able for the two languages. We use two levels of transcription
precision to evaluate the difficulty of the task.

We use existing pre-trained multilingual and monolingual
models for the task, and experiment with them off-the-shelf and
with fine-tuning on transcribed data. We do further error analy-
sis on the Finnish experiments to explore problematic linguistic
features and dialects. The main contributions of the paper are
thus to introduce the task of automatic dialectal transcription,
and to evaluate self-supervised models based on transcription
quality of Finnish and Norwegian dialects.1

2. Data
We use spoken dialectal data from Finnish and Norwegian.
Both datasets are transcribed in language-specific styles and
include interviews from different dialects. We segmented the
original recordings based on annotated utterances and excluded
the interviewers’ turns. The data were divided based on utter-
ances: 80% of utterances in an interview were used for training,
10% for validation and 10% for testing.

1The best models and data are published at the Hugging-
Face Hub: https://huggingface.co/collections/okuparinen/dialectal-
transcription-fi-no-68398ac5ae9224cb1f8dd05b.
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Table 1: Examples from the two datasets with detailed transcription on top and simple transcription below. A standard language
alternative and English gloss are presented in the bottom.

Transcription SKN (fi) LIA (no)

Detailed mnää osasi oϑϑal lyäδ , veri nokast truiskat ja # då va æ dær ute
Simple mnää osasi ottal lyäd veri nokast truiskat ja då va æ dær ute

Standard minä osasin otsalla lyödä, veri nokasta ruiskahti ja da var eg der ute
English I could hit with my forehead, blood spilled from the nose yes, I was there then

2.1. Samples of spoken Finnish

The SKN corpus (fi. Suomen kielen näytteitä) [7] contains
interviews from 50 Finnish-speaking locations (99 interviews
in total). The informants have been interviewed in the 1960s
and chosen according to dialectological tradition: they are non-
mobile, old, and rural speakers. The corpus is freely available
in the Language Bank of Finland and consists of audio record-
ings, transcription layers in the Uralic Phonetic Alphabet and a
translation to standard Finnish2. After segmenting the data and
removing the interviewers’ turns, there are 82 hours of labeled
data in the corpus.

We experiment with two transcription layers in this work:
one including non-Finnish characters and pause markers, and
another without pause markers and only characters from the
Finnish alphabet (plus N for which there is no character pair in
standard Finnish). The pause markers are comma (,) for short
breaks and dot (.) for longer breaks. There are examples of
detailed and simple transcriptions in Table 1.

2.2. LIA Norwegian

The LIA Norwegian corpus of historical dialect recordings [8]
was a joint effort of four Norwegian universities to collect and
annotate old dialectal interviews [9]. There are 1382 informants
from 227 locations in the corpus. The audio files, phonetic tran-
scriptions and normalization to nynorsk (one of the Norwegian
standard languages) are publicly available for download3.

In addition to segmenting the data and excluding the in-
terviewers’ turns, the Norwegian data needed further prepro-
cessing. In the original data, references to the speakers are
anonymized in the transcription. This means that the uttered
speech does not match the written text. Utterances that had
references to anonymized names were excluded, as were ut-
terances that included digits instead of written out numbers.
Punctuation markers and transcribers’ comments were also ex-
cluded. After these steps, the corpus includes 248 hours of la-
beled speech data.

As for Finnish, we use two transcription layers. The first
one includes diacritics and special characters as well as pause
markers, while the second one does not. The pause marker used
in the LIA dataset is #. There are examples of the two transcrip-
tion layers in Table 1.

3. Methodology
In our automatic dialectal transcription experiments, we use
wav2vec 2.0 [10] based models. For both languages, we ex-
periment with the multilingual XLS-R [11] base model which

2https://www.kielipankki.fi/download/SKN/
License: CC-BY 4.0.

3https://tekstlab.uio.no/LIA/filer/ License: CC-
BY-NC-SA 4.0.

includes 300M parameters. The languages in question are not
presented evenly in the model, as it has been trained on 13,981
hours of Finnish and only 130 hours of Norwegian speech.
However, the closely related languages of Swedish and Dan-
ish are present in the training data, with almost 30,000 hours
combined, which could be helpful for Norwegian as well.

Besides the multilingual model, we also use models with
continued pre-training in the target (or related) language. For
Finnish, we experiment with a model based on the Lahjoita
puhetta (LP) -corpus [12], which includes contemporary col-
loquial Finnish. We utilize the large wav2vec 2.0 model trained
on 2600 hours of the LP data4 [13].

For Norwegian, we could not obtain models with continued
pre-training in Norwegian. We instead opted to use a Swedish
model that also formed the basis for a standard Norwegian ASR
model in [14]. The VoxRex model includes 11,100 hours of
Swedish speech, mostly from local public radio5 [15].

We finetune all of the above models with our transcribed
dialectal data, presented in Section 2, using connectionist tem-
poral classification (CTC) loss. We finetuned the models for a
maximum of 20 epochs on a single NVIDIA V100 GPU with
the Huggingface Transformers toolkit [16]. We freeze the fea-
ture extractor before finetuning, use a learning rate of 0.0005
and a batch size of 4 with gradient accumulation of 8.

Both of the aforementioned monolingual models also have
off-the-shelf finetuned versions for the target languages. The
Finnish LP model has been finetuned on 1500 hours of tran-
scribed contemporary colloquial Finnish6 while the Norwegian
VoxRex model has been finetuned on 150 hours of Norwegian
parliamentary discussions7. We use these models as a baseline
to determine how close the existing ASR models are to auto-
matic dialectal transcription.

We evaluate the systems only on character error rate (CER).
Even though word error rate (WER) is often used in ASR eval-
uation, we chose to exclude it from our work. As dialectal
transcription aims to recognize the phonetic units and their
character-level counterparts, we argue that transcribing com-
plete words is not as relevant. This is especially true for Finnish,
since linguistic features such as consonant gemination or assim-
ilation often happen at the word boundary (menes sinne instead
of written mene sinne ’go there’). We think that missing just one
phonetic element from a word (or misplacing it to the leading
or trailing word) penalizes the models too greatly to offer fine-
grained evaluation. This decision also corresponds to machine

4https://huggingface.co/GetmanY1/
wav2vec2-large-fi-lp-cont-pt

5https://huggingface.co/KBLab/
wav2vec2-large-voxrex

6https://huggingface.co/GetmanY1/
wav2vec2-large-fi-lp-cont-pt-1500h

7https://huggingface.co/NbAiLab/
nb-wav2vec2-300m-bokmaal
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Table 2: Results of the experiments. The models are presented on the left, results for the Finnish data (SKN) in the middle and results
for the Norwegian data (LIA) on the right. We present weighted average CER scores (%) for the development set, while the test results
also include 95 % confidence intervals. The off-the-shelf models are only compared to the simple transcriptions as they were not trained
with the special characters present in the detailed transcriptions.

SKN (fi) LIA (no)
Dev Test Dev Test

Off-the-shelf Weighted Av. CER % Weighted Av. CER %
Simple 13.83 13.69 (12.63-14.84) 46.93 46.81 (45.89-47.78)

Finetuned
monolingual
Simple 6.59 6.51 (5.92-7.12) 19.54 19.56 (18.89-20.31)
Detailed 7.31 7.22 (6.65-7.81) 20.51 20.51 (19.86-21.26)

Finetuned
XLS-R
Simple 9.69 9.68 (8.95-10.47) 17.37 17.43 (16.83-18.12)
Detailed 10.93 10.91 (10.21-11.67) 17.51 17.62 (17.03-18.28)

translation evaluation, where more lenient metrics such as chrF
[17] or BLEU [18] are used. The CER scores are averaged over
speakers and weighted on reference length in characters. For
the test set, we also report the 95% confidence intervals [19].

4. Results
The results of the experiments are presented in Table 2. We
notice a considerable gap in performance between the two lan-
guages, with Finnish models achieving scores below and around
10 % CER, while Norwegian models are closer to 20 % CER.
We argue that this is the result of the available training data
for the models, as both the off-the-shelf and the monolingual
model are not trained on colloquial Norwegian data, but on
parliamentary speech on the one hand and on Swedish on the
other. Moreover, even though the multilingual XLS-R outper-
forms other Norwegian models, the amount of Norwegian in
the model training is low, as discussed in Section 3. We also see
only a minor difference between the detailed and simple tran-
scriptions for Norwegian. The two styles are thus quite close to
each other.

Based on our results, reaching reliable performance in au-
tomatic dialectal transcription for Norwegian would entail other
techniques than basic finetuning of existing models. A possible
solution would be to continue the pretraining of wav2vec 2.0
models, which has led to good results in low resource settings,
for instance in [20]. We chose to abstain from this option in this
work because of computational constraints, but find it intriguing
for further studies.

For Finnish however, the results look more promising.
The off-the-shelf model achieves reasonably good performance,
even if it has not been trained for the task of automatic dialectal
transcription8. Nonetheless, the finetuned multilingual XLS-R
outperforms the off-the-shelf model considerably. The multi-
lingual model is in turn even more clearly outperformed by the
monolingual model, trained on the LP dataset [12].

We can thus see that the colloquial Finnish used for con-
tinued pretraining of the wav2vec 2.0 model in [13] is greatly
beneficial for the automatic dialectal transcription, even though

8The N in the reference transcription has been transposed to n or ng
accordingly for the evaluation of the off-the-shelf model, which only
uses standard Finnish alphabet.

contemporary colloquial Finnish does not necessarily corre-
spond to the old rural dialects used in the SKN data. This is
however an encouraging finding that the domain of the contin-
ued pretraining data can also be somewhat different from the
task data.

There is also a bigger difference between the transcription
layers for Finnish, with the detailed transcription generally pro-
ducing worse results. This is natural as the detailed transcription
includes more characters and thus more possibilities for errors
than the simple transcription. Anyhow, the difference is not
large and shows that even the detailed transcription is achiev-
able automatically.

5. Discussion and analysis
To analyze the results further, we take a closer look at our best
models’ character errors in the detailed transcription. The fine-
tuned XLS-R model for Norwegian produced a lot of errors,
given the weighted average character error rate was 17.62%.
The most often mistaken character of the reference transcrip-
tions in the Norwegian data was e, which was often predicted
as æ or i. These mistakes are to be expected, given the close
proximity of the phonemes the characters correspond to. Often
mistaken pairs were also o and å, as well as n and m. The incor-
rect predictions of the Norwegian model are thus anticipated,
but their frequency is very high.

For the finetuned colloquial Finnish model the character er-
ror rate was 7.22%. The most often misrecognized characters in
the model’s predictions were i and e, which were often confused
with each other. The character ä was also regularly missed and
substituted with e or a. All in all, the vowels tend to get misrec-
ognized considerably more often than consonants in the Finnish
predictions.

For the finetuned colloquial Finnish model, we also analyze
the dialectal difficulties of the recognition. The character error
rates per speaker in the test data are presented alongside Finnish
dialects in Figure 2. We notice that none of the areas appear
as very difficult or very easy for the model since there are big
differences inside dialect areas and even inside locations. How-
ever, the dialect areas in the middle of the country (Tavastia,
Southern Ostrobothnia, Savo) have the lowest CER scores on
average (around 0.06). This can also be visually observed from
the Figure, as there are more locations with white dots in these
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Figure 2: The dialect areas of Finnish [21] as base colors and
the CER scores of the monolingual finetuned model predictions
per speaker presented as gradient black and white dots. The
areas present the situation before WWII, while current dialects
are spoken mostly inside Finland (borders in black). The two
dots in the far West are interviewees from Värmland, Sweden.
Map is made with QGIS.

areas. All of these three dialects have widespread characteris-
tic features (given their central geographical location), which
might make them easier for the model to transcribe.

The worst CER scores appear in the South-West and in the
Far North (average around 0.10). We argue that the South-
Western dialects have many features which are not present in
other dialects (e.g. the δ ([D] in IPA) and ϑ [T] in Table 1), mak-
ing their dialectal transcription more difficult for the model. The
South-Western dialects also exhibit several phoneme shorten-
ings and lengthenings which are sometimes automatically tran-
scribed with the wrong quantity.

The difficulties with the Far North dialect, on the other
hand, do not seem to be tied to any single linguistic features.
The predictions however include features from other dialects,
even if they are not present in the Far North. We interpret this
as slight overfitting to other dialects. A possible avenue to fol-
low in further work would be to build dialect-specific models to
avoid such issues, even though data scarcity would be a major
obstacle.

6. Conclusion
In this paper we have presented automatic dialectal transcrip-
tion as a distinct ASR task besides standard language ASR, rich
(or verbatim) transcribing, and phoneme recognition. The task
includes elements from all of the above. We exhibited the task
with data from two unrelated languages, namely Finnish and
Norwegian, which have long dialectological traditions. We used
two levels of transcription precision (detailed and simple) and

experimented with existing self-supervised models based on the
wav2vec 2.0 architecture. We used the models off-the-shelf and
with finetuning with our own labeled data.

We found major differences between the two languages in
terms of model performance and argued this to be a result of
training data for the Norwegian models. We achieved reason-
ably good performance for Finnish models, on both levels of
transcription precision. We further evaluated the character er-
rors in both languages and dialectal differences for Finnish. We
found the South-Western and Far North dialects of Finnish to
be the most difficult, while the dialects that are geographically
central achieved the best scores. We argued that this is a result
of shared linguistic features of the central dialects.

We encourage new studies and applications in automatic
dialectal transcription, which would be greatly beneficial for
several linguistic fields, but especially for those that are inter-
ested in language variation (namely dialectology and sociolin-
guistics). We also hope to see further evaluation on other lan-
guages besides Finnish and Norwegian, which could highlight
new strengths and issues of ASR applications in dialectal tran-
scription.

7. Limitations
Since this work is focused on presenting the task of automatic
dialectal transcription, our experimental setup can be seen as
fairly basic. Moreover, computational constraints made it diffi-
cult to experiment with continued pretraining, for instance. We
hope that other scholars will build further and more nuanced
models on these datasets, and this task.

The setup of the task in this work might not represent actual
dialectological or sociolinguistic fieldwork. We split each inter-
view into training, validation, and test set, meaning the models
had heard all speakers during training. In real-world sociolin-
guistics or dialectology, it would be more likely that some inter-
views were transcribed in full, while some interviews were not
transcribed at all. This could be mirrored in this task as well,
splitting the data so that some speakers (or even dialects) would
be left out of training completely.

Given the page limit, we deemed it best not to include any
further languages to the study, even though there are many more
dialectal datasets from different languages that could have been
used. Even though the languages chosen present two different
language families, they are nonetheless rather large Northern
European languages which use the Latin script. This is a poten-
tial bias of the work, and the task could be greatly different for
languages that transcribe in a different script.
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