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Abstract
Traditional linguistic analyses, focused on morphological, syn-
tactic and lexical features, as well as phoneme-level differences,
divide Finnish into two major dialect groups, that subsequently
further split into eight sub-groups. This paper presents a com-
plementary dialectal analysis based solely on acoustic charac-
teristics extracted from an extensive database of spontaneous
speech from thousands of speakers from all Finnish dialectal
areas. The distances among acoustic characteristics of speech
from 17 administrative regions are approximated by prediction
accuracies of binary classifiers. The classifiers are trained on
principal components extracted from utterance embeddings ob-
tained through a large-scale pretrained neural model. The clus-
tering of regional varieties based on these distances yields geo-
graphically meaningful dialectal groupings, largely correspond-
ing to the results of the traditional linguistic analyses. Our
subsequent analysis indicates that the clustering makes use of
prosodic characteristics of utterances.
Index Terms: sociophonetics, prosody, dialect identification,
XLS-R, Finnish language

1. Introduction
Speakers index their social identities in multitude of ways, both
by linguistic content as well as through acoustic cues such
as prosody, voice quality and various phonetic features. The
common traits in these characteristics of verbal communica-
tion among speakers from a certain (e.g., geographical) com-
munity, conditioned by variables such as age, gender and so-
cial class, form linguistic group identities, i.e., dialects [1, 2].
As such, dialectal distributions, based on similarities and dif-
ferences among these traits, are best studied using speech ma-
terial containing samples encompassing a wide range of socio-
economic, educational, regional and other aspects of social dy-
namics. Also, spontaneous recordings usually capture dialectal
characteristics better than recordings of scripted controlled ma-
terial.

In this paper we present a novel methodology for analysing
a very large corpus of spontaneous, unscripted recordings in
terms of geographical distribution of dialects. The analysed
material, Donate Speech Corpus [3], is a vast dataset of spon-
taneous Finnish collected online. The corpus contains around
3,600 hours of speech (of which 1,600 hours is transcribed) by
over 20,000 Finnish speakers varying in terms gender, age, re-
gion, and socio-economic class. We propose a measure of dis-
tance among regional varieties—giving rise to emergent dialec-
tal patterns—based on accuracies of binary dialect classifiers
trained on latent representations of speech material.

Outside linguistics, dialects have been a major interest in
the field of speech technology, e.g., in order to improve per-
formance of ASR systems on non-standard speech. The recent
advent of large-scale models for speech representation learning

capture subtle variations in speech along multiple dimensions
including segmental and prosodic characteristics of audio-only
material [4, 5, 6]. The latent spaces extracted from these neu-
ral network models’ embeddings can be investigated to discover
the acoustic underpinnings behind language variation. Founda-
tion models such as XLS-R, pre-trained with a massive amount
of audio data, can be fine-tuned with a smaller dataset for down-
stream tasks including language and dialect identification [7, 8].

Various self-supervised models for speech representation
learning have recently been used to classify North Sami and
Irish dialects [9, 10]. For Finnish, a combination of both au-
dio and text features were used for dialect identification [11],
and audio-only features for dialect levelling in the Satakunta di-
alect [12]. On the Donate Speech Corpus, topic identification
and clustering has been investigated using audio-only material
[13]. Relevant for the present work, Moisio et al. [3] attempted
dialect classification both using transcripts and audio data as
well as with audio-only data. They found that the accuracy of
their classification models were relatively low in general due to
the classifier never predicting some dialects but that the clas-
sification fared better with the audio-only data. They argued
it suggests that the dialectal information is more salient in the
acoustic signal than the linguistic content.

Finnish dialects have been extensively studied using tradi-
tional linguistic methods, and small, controlled speech datasets
often limited to a specific region of the country [14]. The stud-
ies of dialectal groupings based on prosodic-acoustic character-
istics are lacking. To our knowledge, this work presents the first
analysis of this kind.

1.1. Finnish Dialects

Finnish language is traditionally divided into two major di-
alect groups: Eastern and Western dialects [15]. The division
can be roughly traced back to the Nöteborg treaty of 1323 be-
tween Sweden and Novgorod which drew a border spanning in
a northwest–southeast direction through what now is Finland
(see Figure 3). The most distinctive phonetic feature of the di-
vision is considered to be the standard Finnish /d/ which in the
eastern dialects is either not pronounced or is replaced with a
semivowel, and in the western dialects is produced as /r/ or /l/
[16]. These dialect groups can be further divided into eight sub-
groups: Southwest, Transitional (between Southwest and Häme
dialects), Häme, Etelä-Pohjanmaa (South Ostrobothnia), Keski-
ja Pohjois-Pohjanmaa (Central and North Ostrobothnia), Far
North, Savo (Savonia), and Southeast [17]. Studies about di-
alect attitudes have shown that respondents consider Finnish di-
alectal differences to include prosodic features such as rhythm
and intonation [18].
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2. Methods
2.1. Data Processing

We use the Donate Speech Corpus [3] of colloquial Finnish.
The corpus contains around 1,600 hours of transcribed speech
from over 20,000 Finnish speakers and includes metadata such
as gender, age group, and the subjective judgement of the
speaker’s own dialect, based on one of 18 administrative regions
of Finland1.

The dialect classification presented here is based
on speaker-level representations calculated using
embeddings from the dialect identification model
voxlingua107-xls-r-300m-wav2vec [8]. This
model is trained on Voxlingua107 corpus using weights of the
pre-trained XLS-R 300M model [19]. XLS-R itself is a large-
scale self-supervised speech model based on wav2vec 2.0,
trained with 436k hours of speech from 128 languages includ-
ing 13,981 hours of Finnish. The Voxlingua107 corpus contains
speech extracted from YouTube videos and includes 33 hours
of Finnish. The voxlingua107 model is fine-tuned as a language
identification model, and also outputs 2,048 dimensional latent
embedding vectors of input utterances. These embedding
vectors were used in this work as representations of utterances
from the Donate Speech Corpus.

The speaker-level representations were then calculated as
means of the voxlingua107 embeddings of all utterance
chunks (see below) by the given speaker. The original audio
files from the Donate Speech Corpus are of varying length rang-
ing from few seconds to several minutes long submissions. In
order to have more uniform dataset in terms of utterance dura-
tion we split the recordings using provided alignments as fol-
lows: First, all recordings we split at silences longer than two
seconds, leaving up to half a second silence at the edges. Then,
the resulting chunks longer than 6 s were further iteratively split
at silence intervals further than 6 s from the beginning. Result-
ing audio files longer than 10 seconds were discarded. Due to
possible misalignments in Textgrid files, we took out audio files
without silence at the beginning and end. Finally, the audio files
were loudness normalized to −23LUFS.

We balanced the dataset so that all administrative regions
(to be subsequently clustered in terms of dialectal groupings)
contain the same number of speakers, and the training mate-
rial has a balanced gender distribution. Two, predominantly
Swedish speaking, neighboring regions (Keski-Pohjanmaa and
Pohjanmaa) both contained a small number of speakers and
were combined into one overall Pohjanmaa unit. We were then
left with 17 regions each consisting of 288 speakers in the train-
ing material, plus 33 speakers in the test set for a total of 5,457
speakers. The training material was ramdomly split into a train-
ing set (230 speakers for each region, approx. 80 %) and vali-
dation set (the remaining approx. 20 %).

2.2. Classification

In this article, we investigate how accuracies derived from clas-
sifiers can be used to cluster dialects based on the similarity of
their acoustic characteristics, and what kind of acoustic cues the
classifiers use for extracting distinctions between dialects.

Broadly following the approaches of [9, 3], we trained a
single 17-way feed-forward DNN classifier with an input layer
of 256 and three hidden layers (128, 64, 32) to classify the

1Data from Swedish speaking Åland as well as all non-native speak-
ers of Finnish from other areas were excluded.

speaker embeddings from the regions [9]. Instead of the 2048-
dimensional embeddings, their 256 first PCA components (PCs)
were used as an input. Similarly, as reported by [3], the clas-
sifier never predicted some of the dialects, rendering this ap-
proach unusable for creating a distance metric.

Therefore, we subsequently trained binary classifiers (of the
same architecture as above), one for each region pair. The in-
put data for these classifiers were the first PCs calculated for
the training data for the given region pair. The networks were
trained for 50 epochs with learning rate of 1e-4 using the Adam
optimizer, a cross-entropy loss function, and a dropout after the
first hidden layer with probability 0.1. The most accurate model
of the 50 epochs on the validation set was used to predict di-
alects on the test set.

We thus trained 272 DNN models, one for every possible
pair of regions for binary classification, and used the obtained
prediction accuracies on the test set as an acoustic based dis-
tance metric (see Figure 1). The lower classification accuracy
is assumed to indicate a greater similarity between the acoustic
representations used for training; the accuracy in the region of
50 % (the baseline for binary classifiers) means that the varieties
cannot be distinguished using the present method.

2.3. Acoustic analysis

To analyse how the classification results depend on the acous-
tic signal-based characteristics, we extracted several simple
utterance-level acoustic measures from the audio files using the
Parselmouth Python library [20], and calculated the means for
every speaker. The following measures were used in the analy-
sis:

• f0-MEAN and f0-STD (standard deviation)

• Spectral TILT

• Speaking RATE

• Formants F1, F2 and F3

Intensity related measures were omitted due to the lound-
ness normalization of the speech material.

The f0 features were measured within range of 75 to
450Hz, in semitones with pitch floor set to 75Hz. Speaking
RATE was approximated by dividing the length of transcription
in characters by the duration of the utterance, and Spectral TILT
by computing the slope of the Long-Term Average Spectrum
(between 1000 and 4000Hz) of the utterance. Formant frequen-
cies were estimated with the default settings of Praat.

While f0, spectral tilt and speaking rate measures depict
standard global (utterance level) prosodic features of the speech
material (intonation, tempo and voice quality), formants are pri-
marily related to segmental articulatory characteristics (such as
average vowel frontness and openness).

3. Results
3.1. Dialect clustering

Figure 1 depicts the pairwise classifier accuracies for region
pairs. The heatmap indicates possible clusters with relatively
low pairwise accuracies (i.e., greater similarity) among the data
from some regions (see the light areas in top-left and bottow
right portions of the figure).

Subsequently, we used the accuracy-based distance mea-
sure for hierarchical agglomerative clustering (HAC; us-
ing [21]) of the regions. The dendrogram in Figure 2 shows
the results of the HAC clustering. Given the hierarchical nature
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Figure 1: Classifier accuracies for every region pair.

Figure 2: A dendrogram of agglomerative clustering with aver-
age linkage based on classifier accuracy. The grey line denotes
6 clusters.

of the clustering algorithm, multiple levels of clusters can be
formed.

The primary division splits the regions in Northeast–
Southwest dimension. Geographically, this division is shown
in Figure 3; the regions from the left branch of the dendrogram
are depicted in warm colours and the ones from the right branch
in cold hues. Subsequent splits follow the same Northeast–
Southwest pattern. The coloring in Figure 3 is based on a 6-
way split indicated by the horizontal line in Figure 2. Subse-
quent splitting would in fact still make geographical sense but
will start producing clusters containing a single region.

Figure 4 visualises the distances among regions in a two
dimensional space using the metric multidimensional scaling
(MDS) method. MDS is used to represent distances between
points in high-dimensional data in a lower dimension, reflect-
ing the original distances as much as possible. While the MDS
does not indicate clear clusters, the relationships between di-
alects reflect the dendrogram and follow the regions’ geograph-
ical positions in a remarkable fashion (cf. Figure 3).

A direct comparison between the clusters and traditional
studies’ dialect groups is not possible, as the borders of the 17
administrative regions differ from historical dialect regions. For
example, a part of Satakunta is in the Transitional dialects and
another in the Southwest dialects. The lower we look in the
dendrogram hierarchy, the more differences there are with the
traditional studies, suggesting that there are acoustic distinc-

Figure 3: Finnish dialect regions clustered. Red (warm) versus
blue (cold) hues represent the 2-way clustering, different shades
represent the 6-way clustering. The dotted green line denotes an
approximation of the Nöteborg treaty border.

tions that are not explained with linguistic and phoneme level
variation. Still, the clusters are geographically meaningful and
largely follow the overarching divisions of conventional wis-
dom about dialects. Figure 3 shows a map [22] of Finland with
the 6 clusters in different hues and the east-west division in blue
versus red.

3.2. Linear regression

In order to evaluate the relevance of the speaker-level prosodic-
acoustic characteristics on the classification (see Section 2.3),
we fitted linear models with the prosodic-acoustic features as
dependent variables and dimensions of latent acoustic represen-
tations as predictors. The better the fit (i.e., the higher the ad-
justed R-squared value), the more faithfully the feature is rep-
resented in the given latent space. The separate models were
fitted for each binary classifier (2 x 272 models in total).

Two types of latent representations were used in the anal-
ysis: the 256 PCs of the voxlingua107 embeddings that
served as inputs to the binary classifiers, and the 32-dimensional
last hidden layer outputs of the classifiers. Table 1 summarises
the adjusted R-squared values of the fits.

The 256 voxlingua107 PCs strongly predict most of the
analysed features; this means that the features are, unsurpris-
ingly, represented in the embeddings and provide a significant
source of variation among the speakers. In case of the classi-
fiers’ hidden layer, the fits are considerably worse, as indicated
by lower means of the R-square values. This suggests that the
classifiers use the features (encoded in the input) to a lesser de-
gree, and they do not overwhelmingly rely on uncontrolled bi-
ases in the analysed material. The relatively high standard de-
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Figure 4: Multidimensional scaling to two dimensions using a
distance matrix based on the classification accuracies.

viations for the hidden layer compared to the input layer in Ta-
ble 1 indicate that the features might be more relevant for some
region pairs than for others.

Table 1: Mean and standard deviation of adjusted R-squared
values of linear regression fits over all dialect pairs on the train-
ing set where the acoustic features are explained.

256-dim input 32-dim hidden
Acoustic measure mean (std) mean (std)

Speaking rate 0.90 (0.01) 0.23 (0.06)
f0 mean 0.89 (0.02) 0.29 (0.07)
f0 SD 0.73 (0.03) 0.13 (0.06)
Spectral tilt 0.89 (0.01) 0.13 (0.06)
F1 0.81 (0.01) 0.11 (0.05)
F2 0.84 (0.01) 0.14 (0.05)
F3 0.81 (0.02) 0.13 (0.05)

4. Discussion
The presented methodology using pairwise classification ap-
proach yields meaningful dialectal clustering of Finnish lan-
guage. The differences in the standard deviations of the lin-
ear fits indicate that prosodic features are present in dialectal
variation. The results of our analysis are broadly in line with
standard linguistic analyses of Finnish dialects. The Northeast–
Southwest dialectal split is robustly manifested in our results.
The more fine-grained clustering reflects geographical proxim-
ity of the regions. Some of the clusters do not perfectly re-
flect the traditional dialect studies. For example, Pohjois-Savo,
Pohjois-Karjala, Kainuu, Keski-Suomi and parts of Pohjois-
Pohjanmaa and Päijät-Häme are traditionally considered Savo-
nian dialectal areas, while according to our analysis these re-
gions cluster in four dialectal sub groups (see Figure 3).

This discrepancy can be partly attributed to a mismatch be-
tween the dialectal regions and administrative regions used as
basic units of analysis in our work. The geographically mean-
ingful and gradual dialectal distribution presented in Figure 3
also suggests that our analysis of a large dataset of “wild”
spoken material reflects somewhat different features of speech
compared to traditional analyses. Our approach likely captures

more holistic characteristics (including prosody in spontaneous,
uncontrolled utterances) than previous phonetic studies primar-
ily focused on segmental quality.

In addition to dialects, our analysis might be influenced by
other sources of variance captured in the signal. While the input
data for the classifiers were balanced in terms of gender, in this
study we do not control for other aspects like age, income or
education level. It is possible that at least some of the emergent
clustering reflects the differences in demographics among the
regions of Finland. This highlights the need to look at social
variables, not as cleanly separable categories, but as intersecting
underlying structures that condition the way we communicate.

These differences can potentially also correlate with signal
characteristics of the recordings; e.g., participants from more
affluent areas may have better recording equipment. Signal
quality has been shown to affect dialect identification in pre-
vious studies [23]. While we have concentrated on dialectal
analysis in this work, the size and the nature of the corpus will
allow us to investigate these potential socioeconomic and de-
mographic influences in the future.

While the recordings include background noise, such as
music or family members speaking in the background, this
comes with its advantages: the recording settings are very much
natural, eliciting real spontaneous speech, and the variation in
background noise and recording quality should smooth out on
the dialectal level compared to datasets that are, for example,
recorded from regional TV broadcasts with overarching noise
and channel characteristics.

In order to identify the sources of dialectal clustering, we
will need to develop a way to associate the embeddings with the
acoustic and prosodic features. This is challenging due to the
black box nature of the speech model, i.e., the way the acoustic-
prosodic characteristcs are encoded in the embeddings. Also,
acoustic-prosodic measurements extractable from a large and
varied dataset (such as used here) are by necessity quite sim-
ple and may perform poorly on unscripted spontaneous speech.
One way to tackle this, is to simplify the data, either by selecting
more controlled data for the test set or by creating synthesized
stimuli. Neural text-to-speech synthesizers can be trained with
the speech model’s embeddings along with the corresponding
audio signal. It is possible to control the synthesizer output with
dialectally representative embeddings from our dataset. Syn-
thesizing identical sentences for every dialect, we could control
variation stemming from the text, and create stimuli more suit-
able for the acoustic measurements and perception experiments.

If we manage to close the gap between the embeddings and
their acoustic correlates, these methodologies could prove use-
ful for studying complex and subtle changes in speech.
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