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Abstract
In dialect identification (DID), a model needs to attend to

subtle cues to distinguish between highly similar linguistic vari-
ants. However, the knowledge of which cues are important and
why is limited. Inspired by the literature on human DID, we
fine-tuned a Whisper model with modified audio to see how
deprivation of various signal components would impact perfor-
mance. Specifically, the audio manipulation sought to either
isolate or remove (tonal) prosodic information, by either low-
pass filtering or monotonizing F0, respectively.

Results indicate that fine-tuning on low-pass filtered data
produces a significant improvement over unmodified data. Uti-
lizing sensitivity maps in the frequency domain, we argue that
the low-pass model is able to devote more attention to lower
frequency bands, thus exploiting task-relevant pitch dynamics.
Though only evaluated with Norwegian, we suggest that our
methodology should generalize, encouraging improvement in
DID and its downstream applications.
Index Terms: dialect classification, sensitivity maps, Whisper,
Norwegian

1. Introduction
Dialect identification (DID) exists between language identifica-
tion (LID) and speaker identification (SID). Whereas LID may
utilize the varying phonemic inventories between languages to
make decisions, the differences between dialects are often much
more subtle. Conversely, SID often aims to discriminate be-
tween speakers with similar, or identical, phonemic invento-
ries and must instead look for features unique to the individual.
Dialect classification must remain above the level of individ-
ual variability, while still finding the often subtle patterns that
define a dialect. Systems able to perform DID have been de-
sirable for many years, often with the goal of running a more
specialized downstream model [1]. Approaches span from hid-
den Markov models and support vector machines [2, 3, 4] to
more recent work utilizing representations from large multi-
lingual foundation models. In [5], in addition to more tradi-
tional acoustic features such as mel-frequency cepstral coeffi-
cients (MFCC), the authors also use representations from Hu-
BERT, WavLM, and wav2vec 2.0’s XLS-R. They then use a
simple feed-forward network to perform classification on the
acoustic features. Of the acoustic features tested, representa-
tions from the multi-lingual models result in the best classifi-
cation performance. The authors of [6] use a similar approach
(the addition of feed-forward classification layers to a founda-
tion model), but instead uses the encoder from the Whisper [7]
model. They, too, find good performance with such an archi-
tecture. In both [8, 9], the authors propose methods to improve
training (parameter efficient training and a more robust back-

end, respectively) to further exploit the benefits of the represen-
tations in the foundation models.

Prosody is a feature that is known to vary between di-
alects in many languages [10], and numerous studies have found
reliance on prosodic cues in dialect classification by humans
[11, 12, 13]. Previous studies looking at prosody in relation
to dialect classification, such as [1, 3, 14], have often utilized
specific prosody-related features (e.g., fundamental frequency
contours, syllable duration, etc.) as input to their models. Nev-
ertheless, little is known about how, if at all, transformer classi-
fiers use prosodic information to classify dialects. The authors
in [15] attempt to probe what phonemic and prosodic knowl-
edge is contained in different layers of a wav2vec 2.0 model.
They investigate prosody by attempting to predict word-level
prominence and boundaries using representations from various
network layers. In [16], the authors utilize the representations
from wav2vec 2.0 and Whisper to classify the vocal intensity in
audio into one of four levels. However, to the authors’ knowl-
edge, this paper is the first time Whisper embeddings have been
utilized to examine the impact of pitch specifically.

In this paper, we evaluate the performance impacts of fine-
tuning a model for Norwegian dialect classification using audio
manipulated to either enhance or reduce reliance on prosodic
information. More explicitly, we do the following:

• Utilize the Whisper feature encoder to train a 4-way dialect
classification system.

• Train and evaluate models using data modified in two differ-
ent ways (low-passed and monotonized) to focus the model
on specific pitch features.

• Use sensitivity maps in the frequency domain to help to ex-
plain model performance.

2. Methods
To understand both how well transformers can perform DID, as
well as how modified audio can impact them, we fine-tuned a
version of Whisper for dialect classification.

To analyze the effects of prosody, we (1) low-pass filtered
the audio to preserve prosodic contours and remove phonemic
information, and (2) monotonized the audio to do the opposite.
Models were then trained and tested on all three audio types.

To help us understand which features the model is using
to make classification decisions, we generated sensitivity maps
on the inputs. We found the two dimensional map (that is,
spectrogram-like) to be sparse and hard to interpret. Therefore,
as our work is concerned with the effects of prosody on classifi-
cation, we summed the gradients along the time axis to display
the cumulative attention paid to different frequencies by differ-
ent models for different audio types.
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Table 1: Amount of data available for each data split of the
SSC. Quantities in number of segments (seg), duration (dur) of
speech in hours, and number of unique speakers (spk).

train validation test
seg dur spk seg dur spk seg dur spk

East 28657 204 98 2470 18 13 2582 19 12
West 23554 169 64 3649 26 9 3870 28 8
Mid 17586 127 28 2298 16 4 1734 13 4
North 17092 123 27 2030 14 4 2361 16 3

Table 2: Amount of data available for the NVOS full. Quanti-
ties in number of segments (seg), duration of speech in minutes
(dur), number of unique speakers (spk).

seg dur spk
East 14 8 14
West 17 9 17
Mid 10 5 10
North 12 6 12 EastWest

Mid

North

3. Experiments
We use Norwegian as a test-case for prosodically-focused DID.
While Norwegian dialects can be grouped by several morpho-
phonological features [17], Norwegian speakers self-report pre-
dominantly relying on prosodic features for dialect classifica-
tion [18]. There is also some evidence to support the hypothe-
sis that prosody carries relevant information for human dialect
classification in Norwegian [19].

Norwegian is a pitch-accent language, meaning that stress
is indicated by the onset of a specific tonal pattern [20]. There
are two lexically determined pitch-accents in Norwegian, and
all pitch contours associated with stressed syllables are modu-
lations of these. Importantly, the realization of these pitch con-
tours is dialect dependent. Thus, the prosodic realizations can
be used to group dialects into four major classes: East, Mid,
North, and West [21].

3.1. Datasets

We used the Stortinget Speech Corpus (SSC) [22] for fine-
tuning and evaluation of our DID models. The SSC is publicly
available1 through the National Library of Norway and consists
of approximately 5,000 hours of recordings from the Norwe-
gian parliament. Non-verbatim transcriptions, created from the
official parliamentary proceedings, are provided.

For our work, we utilized the approximately 770 hour sub-
set of the SSC created by [23] which includes meta-information
about the likely dialect for each speaker. This subset was cre-
ated to have a balanced number of ∼30 second speech segments
for each of the five dialect regions. However, as the South di-
alect region does not have its own distinctive prosody (speak-
ers have either Eastern or Western prosody) [21], the Southern
speakers were reassigned as either East and West based on their
prosody, resulting in the four regions. Amounts of data for each
dialect and dataset can be seen in Table 1.

Beyond the SSC, we also used the Nordavinden og Sola
(NVOS) (English: ”the North Wind and the Sun”) dataset2 as a
small, out-of-domain test set. The NVOS consists of speakers
reading the fable of the North Wind and the Sun. The average

1https://www.nb.no/sprakbanken/en/resource-catalogue/oai-nb-no-sbr-91/
2https://www.hf.ntnu.no/nos/

duration of each reading is 32 seconds (SD: 5 seconds). Only
native Norwegian speakers (53 of the 55 available recordings)
were used. Details about data quantities can be seen in Table 2.
Participants were given the text ahead of time and encouraged
to make changes as needed so it sounded natural in their dialect.
Each speaker’s dialect is annotated with one of 23 regions from
[24]. Using the dialect region mapping3, these regions were
converted into the four dialect regions.

3.2. Audio manipulation

For manipulation of all audio files, the fundamental frequency
(F0) was estimated using the REAPER package4 and audio ma-
nipulation was done in Praat [25].

In human experiments, prosody is normally isolated by
low-pass filtering the data at somewhere between 225 and
400Hz [26, 27]. Though we wanted to follow the literature as
much as possible, when manually inspecting the results of low-
pass filtering at 400Hz, we found that speakers with low average
F0 (F̄0) were perceived as more intelligible than speakers with
high F̄0. Therefore, to ensure equal obfuscation across speak-
ers, we wished to dynamically change the cutoff frequency
based on the speaker’s F̄0. Through experimentation and man-
ual inspection, we settled on 420.2 ∗ (1 − e−0.0124∗F̄0) to de-
termine the cutoff frequency. The smoothing (transition band-
width) of the filter was set at one quarter of the F̄0.

To flatten the pitch, the audio was monotonized to the F̄0

of the segment. Monotonization was accomplished in Praat by
creating a new, flat pitch tier, and then re-synthesizing the audio
with the new tier.

3.3. Model fine-tuning

The nb-whisper-medium5 was used as our foundation
model. This was originally fine tuned from Open AI’s Whisper
model by the National Library of Norway’s AI Lab to perform
better on speech recognition tasks for Norwegian [28].

Using the HuggingFace Whisper API, a model was fine-
tuned for each type of audio manipulation (e.g., the low-pass
model was trained on audio that had been low-pass filtered)6.
All model trainings used the train and validation sets from the
SSC. For our classification task, only the encoder part of the
Whisper model was used. Outputs from the encoding layer were
mean pooled and then passed through a projection layer to go
from 1024 features to 256. Finally, a classifier layer processed
the 256 features into our four output classes. The whole model
was trained for 3 epochs with a learning rate of 3e−5 and a
device batch size of 16. Training was performed on 6 Nvidia
RTX A5000 GPUs and each training took between one hour
and fifteen minutes and one hour and thirty minutes.

After training, each model was then tested against the SSC
test set for each type of audio manipulation. Models were fur-
ther tested against the NVOS for each audio manipulation type.

3.4. Sensitivity maps

To generate sensitivity maps, we used the SmoothGrad [29]
technique of adding noise to the model’s input image (in this
case, mel-spectograms) and then averaging the resulting gra-
dients. The gradients from 25 iterations of adding noise were
averaged. For each iteration, we took the gradients from the

3https://www.nb.no/sprakbanken/en/resource-catalogue/oai-nb-no-sbr-92/
4https://github.com/google/REAPER
5https://huggingface.co/NbAiLab/nb-whisper-medium
6https://github.com/scribe-project/did prosody whisper
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Figure 1: Normalized confusion matrices showing classifier performance on the SSC test set (a; left) and NVOS (b; right). The columns
of matrices denote the type of data the model was tested on. The rows of matrices denote the type of audio the model was trained on.

Table 3: The weighted F1 values for the SSC test set and NVOS
test set. Rows represent the type of audio modification for the
training data for each model; unmod(ified), LP (low-pass), and
mono(tonized). Columns represent the test set as well as the
modification to the test audio.

SSC test set NVOS test set
Trained on Unmod LP Mono Unmod LP Mono
Unmod 0.66 0.10 0.69 0.91 0.11 0.83
LP 0.79 0.72 0.62 0.93 0.74 0.55
Mono 0.72 0.12 0.69 0.89 0.11 0.89

correct, rather than predicted, class. The sensitivity map val-
ues were summed across the time domain to result in a plot of
sensitivity over frequency. For normalization, these values were
divided by the sum of their values.

4. Results
4.1. Classification

Results from testing on the SSC test set are presented in Ta-
ble 3 (left) and the confusion matrices are in Figure 1a. Results
from testing on the NVOS can be seen in Table 3 (right) and
Figure 1b.

The results in Table 3 and Figure 1 show that low-pass fil-
tering has the greatest impact on model performance. Models
trained on unmodified or monotonized audio are unable to pre-
dict from low-pass filtered data, evidenced by the low F1 values
and nearly universal prediction of East. Monotonized audio, in
contrast, has a much less dramatic effect, with all models able to
achieve above chance levels on monotonized audio. From ob-
serving the performance of the low-pass model on low-passed
data, we can see that the model is able to predict above chance.
Although the low-pass model performs worse than either of the

other two models on the monotonized data, we can observe that
the low-pass model surprisingly outperforms the other models
on unmodified audio.

Beyond individual model performance, we can observe that
nearly all models perform better under nearly all conditions on
the NVOS dataset compared to the SSC (the low-pass model
predicting from monotonized data being the exception).

In order to assess for statistical significance, we used R
to run a logistic regression on accuracy. We evaluated dialect
and test data set as well as training data manipulation and test
data manipulation and their interaction as independent vari-
ables. For all test, p < 1.15E-6, thus confirming the significance
of the previously reported results after Bonferroni correction
(α = 0.05

13
= 0.004). Most pertinently, the regression model

demonstrates that the classifier trained on low-pass filtered data
is significantly better than the classifier trained on unmodified
data (β = 0.697; SE = 0.035; z = 19.950; p < 2E-16).

4.2. Sensitivity maps

Sensitivity maps are plotted in Figure 2. In all the plots, we can
see that the low-pass model, unsurprisingly, pays more attention
to the low frequencies (below 500 Hz) than either the model
trained on unmodified or monotonized data. In addition to the
low-pass model’s attention on the lower frequencies, it appears
that the low-pass model has the greatest generalizability to dif-
ferent audio inputs. By looking across the top row of plots in
Figure 2, we can see that while the low-pass model generally at-
tends more to lower frequencies, for the unmodified audio and
the monotonized audio, it largely overlaps with the other two
models. However, for low-pass audio, the low-pass model de-
votes markedly more attention to the lower frequencies and is
visibly less attentive in the remaining high frequencies.
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Figure 2: Two visualizations of the normalized SmoothGrad sensitivity maps. Values were summed along the time axis for each model
and audio type. The test data for all plots was the NVOS dataset. In the first row, each plot denotes the type of audio, each line the
model. In the second row, each plot is for the type of model, each line the type of audio. The halo around each line denotes 1 SD.

5. Discussion
The performance of the low-pass model on low-pass audio sup-
ports the idea that prosodic contours contain enough informa-
tion to infer dialect—at least to some extent. Additionally,
the (relatively) low performance of the low-pass model on the
monotonized audio demonstrates that when prosodic contours
are flattened (even though the frequency band containing F0 is
retained) important information for the low-pass model is re-
moved. This indicates that the model is using information from
the pitch dynamics, not merely the presence of the pitch itself,
to perform inference.

The better performance on NVOS than the SSC is
rather contrary to received wisdom regarding out of domain
performance—that models will perform best on data most sim-
ilar to that which they were trained on. This could be due
to the differences between the SSC and NVOS. Firstly, in the
NVOS, all speakers are reading the same text which potentially
reduces the confusion that may arise from linguistic context.
Additionally, the different numbers of speakers and segments
per speaker between the two datasets may also contribute to the
performance difference. From looking at Tables 1 and 2, we can
see that NVOS has more speakers per region than SSC. Further,
each NVOS speaker contributes a roughly similar amount of
data, whereas individual speaker contributions in the SSC may
range from less than an hour to over a dozen hours. Thus, for
the SSC test set, if the model finds one speaker particularly chal-
lenging to classify, the effect will be much more dramatic than
it would be in the NVOS set.

Focusing then on what we might assume to be a more robust
result (NVOS), we can see in Figure 1b, that the low-pass model
confuses the Mid region with the North when asked to predict
on monotonized audio. Given the extant linguistic knowledge
about the North and Mid regions—that they differ in prosodic
traits but share many other phonemic, morphological, and lex-

ical features [21]—this lends credence to an interpretation that
prosodic contour played a substantial role to our classifier in
distinguishing these dialects.

Furthermore, the high performance of the low-pass model
implies that knowledge from the training of the foundational
model is retained despite fine-tuning on low-pass audio. While
the model may focus on the lower frequencies, it retains the
ability to utilize information in the higher frequencies, when
such information is present. Finally, the ability of the low-pass
model to outperform the unmodified model on unmodified data
indicates, firstly, that prosodic information is, in fact, helpful
to the dialect classification task for Norwegian, and, secondly,
that encouraging the model to devote more attention to pitch
contours does aid classification.

6. Conclusion
We have shown that forcing a DID model to focus on prosodic
information by fine-tuning a foundation model on low-pass fil-
tered data improves model performance. Importantly, the low-
pass model outperforms the model trained on unmodified data
even when the test data was unmodified. By contrast, the re-
moval of pitch information by monotonizing F0 during fine-
tuning was not associated with increased performance. Our
results demonstrate that the specific deprivation of higher fre-
quencies during training enables the model to make better use
of the task relevant pitch dynamics, by devoting more attention
to the lower frequency bands. At the same time, the low-pass
model retains knowledge from its foundation model, making it
more adaptable than the other two models.

Our method was exemplified in a Norwegian context, where
prosody is isoglossic, but our expectation is that the results will
generalize to DID in the many other languages where prosody
is an important dialect marker.
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