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Abstract

This work presents a suite of fine-tuned Whisper models for
Swedish, trained on a dataset of unprecedented size and vari-
ability for this mid-resourced language. As languages of
smaller sizes are often underrepresented in multilingual train-
ing datasets, substantial improvements in performance can be
achieved by fine-tuning existing multilingual models, as shown
in this work. This work reports an overall improvement
across model sizes compared to OpenAl’s Whisper evaluated
on Swedish. Most notably, we report an average 47% reduc-
tion in WER comparing our best performing model to OpenAI’s
whisper—-large-v3, in evaluations across FLEURS, Com-
mon Voice, and NST.

Index Terms: Automatic speech recognition, Speech-to-text,
Whisper

1. Introduction

The abundance of openly available audio data in English en-
ables pre-training and fine-tuning of speech-to-text models on
hundreds of thousands to millions of hours of recorded speech.
As aresult, automatic speech recognition (ASR) systems are ap-
proaching human level robustness in English. Other languages’
performance in multilingual speech recognition tends to stand
in proportion to the amount of data included from the language
—or the language family — in question. For low- to mid-resource
languages with fewer speakers, such as Swedish, the amount
of openly available data may be limited, and as a consequence
these languages tend to be underrepresented in large-scale ef-
forts to train multilingual speech recognition systems. This re-
sults in suboptimal performance of ASR applications, such as
voice-based customer service, and automatic captioning.

Language models and ASR models are often trained on
massively multilingual datasets. By continuing training these
multilingual models for a specific language, the performance is
greatly improved compared to the performance of multilingual
models. This is necessary for low- and mid-resource languages
to remain competitive and sovereign in the rapid Al develop-
ment of today. Similarly to previous work for Norwegian [1],
we fine-tune Whisper for all canonical sizes on our massive
dataset for Swedish.

Large collections of audio recordings maintained by cul-
tural heritage institutions, such as the National Library of Swe-
den, and government agencies can potentially bridge some
of the existing speech recognition performance gaps between
Swedish and higher resourced languages. By scaling up the
amount of training data, one can noticeably improve Swedish
speech recognition. In this work, KBLab [2] at the National
Library of Sweden have a have constructed a massive speech
corpus with an emphasis on all variations of spoken Swedish,
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which is used to train speech recognition models for Swedish.

2. Automatic speech recognition

Automatic Speech Recognition models translate speech (i.e.
spoken language) into text (i.e. written language). The form of
the output may vary between phonetic transcriptions, raw text
without punctuation, and formatted sentences with punctuation.

2.1. Model architecture

Whisper [3] is a multilingual ASR model with additional trans-
lation capabilities. By relaxing the quality standard of the la-
beled training data, vast amounts of training data are unlocked.
The authors show that even with imperfectly labeled training
data, such as subtitles, it is still possible to achieve speech
recognition performance approaching human-level robustness
in English. Using the latest official Whisper models as a start-
ing point, we fine-tune them on our herewith presented corpus
for Swedish speech.

The Whisper model architecture is an encoder-decoder
transformer [4]. The input audio is split up into 30s chunks,
resampled to 16kHz, and transformed to an 80-channel log-
magnitude Mel spectrogram (128-channel for large-v3).
Feature normalization is applied along with a two-layered 1-
dimensional convolutional encoder with a GELU activation
function, followed by sinusoidal position embeddings, and
transformer encoder blocks. We employ a Byte Pair Encoding
(BPE) dropout [5] of 0.2, which was shown to have beneficial
regularizing effects for the large model size [1]. An activation
dropout of 0.1 is also applied.

The model is trained using the PyTorch implementation by
Hugging Face that is detailed in the Whisper fine-tuning Event'.
We adapt this script and add functionality to train with times-
tamps as well as with previous contexts as a prompt.

3. A massive Swedish speech corpus

OpenAl’'s whisper—-large-v3? has been trained on
680000h of multilingual speech, of which 2119h are in
Swedish. While [3] report that all increases in dataset size lead
to improved performance, the improvement slightly stagnates
after a dataset size of around 50 000 h. With these numbers in
mind, a dataset consisting of 50000h of transcribed Swedish
was constructed.

https://github.com/huggingface/
community-events/tree/main/
whisper-fine-tuning-event

’https://huggingface.co/openai/
whisper-large-v3
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Not only is the amount of data important to training ASR
models, but also language variation. One common drawback of
using the multilingual Whisper is its inability to recognize vari-
ations in a lower resourced language, such as dialects. While di-
alects are generally more difficult to correctly transcribe, given
their decreased occurrence in the training data, this is espe-
cially noticeable for low- and mid-resource languages. Models
trained on material from the web, which can be assumed for
models such as Whisper, have only learnt to recognize speakers
that are commonly represented in web material, e.g. YouTube
videos. Training on this type of material excludes many vari-
eties of speech that exists in a population. By actively including
data sources that represent other types of speech, we increase
the probability of developing a model that performs better for
a wider variety of dialects, sociolects, age groups, and accents
spoken by non-native Swedish speakers.

In this work, KBLab at the National Library of Sweden has
collaborated with the Riksdag administration (i.e. the parlia-
ment administration in Sweden), Sweden’s Television (SVT),
and the Institute for Language and Folklore (Institutet for sprak
och folkminnen), and together we have been able to construct a
transcribed Swedish dataset of unprecedented size and variabil-
ity. These dataset types can be split into four categories, which
are presented below.

3.1. Subtitles

Subtitles have traditionally existed for Swedish television to
subtitle non-Swedish TV broadcasts. Swedish closed captions
for Swedish spoken content have become increasingly avail-
able as a means to aid accessibility for the hearing impaired.
The Swedish subtitling tradition tends to condense the content
rather than provide verbatim transcriptions, in order to provide
the viewer enough time to read.

In our filtering, we select only Swedish TV broadcasts and
web content where metadata indicates the subtitle track is in
Swedish. To ensure the speech is also in Swedish, we perform
language detection using OpenAIl’s whisper-large-v3.
The final subtitle dataset is thus constructed out of audio identi-
fied as Swedish paired with Swedish subtitles.

3.1.1. SMDB

With access to the Swedish Media Database (SMDB) at the Na-
tional Library of Sweden, we extracted audio and subtitles from
15 Swedish TV channels, in a 24 h stream format, without any
program metadata, from 2021 to 2023, resulting in more than
150000 h of raw broadcasts. Of the 63000h of audio match-
ing the subtitles, around 80% were duplicates. From this dedu-
plicated subset, 20% did not contain Swedish speech. Finally,
another 30% of chunks were dropped, not reaching the desired
quality for training.

3.1.2. SVT

In contrast to the SMDB dataset, cleaning the data provided by
SVT was kept to a minimum, as it was delivered separated into
various programs with reliable metadata. Starting with 30275 h
of chunks, 61% was kept for training.

3.1.3. YouTube

We additionally collected audio and subtitles from 2704
YouTube channels resulting in about 15416h, before further
quality filtering is applied using our pipeline described in Sec-
tion 3.5. Since subtitles on YouTube do not necessarily follow
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the same guidelines as TV, they generally provide a more ver-
batim transcription of what is spoken.

3.2. Parliamentary recordings

As a part of this project, we have been granted access to all
digitized audio recordings of the Swedish Riksdag since 1966.
These recordings were matched and force-aligned against pro-
tocol transcripts of the debates. The resulting speech corpus
is named RIXV0X-V2, and consists of 18 000 h of transcribed
speech recorded before 2003 and 5500h after 2003. Apart
from its sheer size, this corpus also exhibits a wide variation
in Swedish dialects as well as providing a both modern and his-
toric resource for political spoken Swedish. The total amount
of audio recordings used in this project is 23 500 h, of which
almost 22000h pass the “Stage 17 quality filters outlined in
Section 3.5. We publish the entire dataset RIXV0X-v2 on Hug-
ging Face with a permissive license to further research efforts in
Swedish speech technology.

3.3. Dialect recordings

To improve ASR performance on Swedish dialects, special di-
alect recordings were added to the training data. The Institute
for Language and Folklore is a Swedish government agency that
hosts a large collection of speech recordings. Some of these
recordings are the results of research projects, such as Swe-
Dia [6], in which various Swedish dialects have been profes-
sionally recorded and transcribed. Although this corpus does
not compare in size with the other datasets, they provide an im-
portant diversity in its speech, needed for developing a model
which is representative of the whole population.

3.4. Other
34.1. NST

The NST dataset, collected by Nordic Language Technology
(Nordisk Sprakteknologi), is hosted by Language Bank at the
National Library of Norway®. It consists of hundreds of hours
of recordings and transcriptions of up to 1000 speakers with dif-
ferent Swedish dialects. The recordings consist of both longer
sentences as well as single-word examples. The dataset is split
into a training set which is included in our training data and a
test set which is used as a hold-out test set in our evaluation.

3.4.2. Common Voice

Mozilla is collecting an open source, crowd-sourced, multi-
lingual “dataset of voices” called Common Voice [7]. The
dataset is the largest publicly available speech dataset, of which
Swedish constitutes 54 h of recordings. The train, validation,
and test splits of Common Voice 16.1 are all used as hold-out
test sets.

3.4.3. FLEURS

FLEURS [8], Few-shot Learning Evaluation of Universal Rep-
resentations of Speech, is an n-way parallel speech dataset in
102 languages, with approximately 12 h of speech per language.
We use the FLEURS validation split for validation purposes
during training, but keep its train and test splits as hold-out test
sets for our final evaluation.

3https://www.nb.no/sprakbanken/en/
resource-catalogue/oai-nb-no-sbr-56/



3.5. Data preprocessing

The preprocessing pipeline is common to all dataset types and
is outlined below:

1. The audio is kept in its source format and converted to 16 kHz
mono slices on the fly during all processing steps. A cor-
responding format-agnostic metadata file for each audio file
contains the raw units of observation: e.g. subtitle blocks or
force aligned sentences, using a single unified format.

2. Only Swedish text transcriptions are retained. We filter based
on subtitle track metadata for data sources whose metadata
is reliable. Language detection classifiers for text are used
where metadata is not reliable.

3. Candidate chunks to be used during training are created by
combining and packing our observations to chunks of up to
30 length based on timestamp metadata. Shorter chunks are
additionally sampled by setting a smaller maximum chunk
length, in order to boost the model’s robustness to variable
audio input lengths.

4. Audio language detection is performed on all candidate
chunks using whisper-large-v3. Only chunks where
Swedish is detected are retained.

5. Candidate chunks passing the previous filter are transcribed
using whisper-large-v3 and VOXREX, a Swedish
Wav2Vec2.0[9].

6. The transcribed results are compared to the original transcript
using the following metrics:

¢ The Word Error Rate (WER) is a common metric derived
from the Levenshtein distance. It measures how accurately
an ASR model transcribes spoken language compared to a
reference transcript. A lower WER corresponds to a better
transcription compared to the reference text. The Charac-
ter Error Rate (CER) is the character-level equivalent of
WER.

» The Bilingual Evaluation Understudy (BLEU) score [10],
is a precision-based metric that computes a value between
0 and 1, where 1 corresponds to a perfect agreement be-
tween the prediction and the gold standard.

* Recall-Oriented Understudy for Gisting Evaluation score
(ROUGE-N) [11] is a recall-based metric that measures
the overlap of n-grams between a model’s output and a
reference text.

* Approximate string matching is the technique of finding
strings that match a pattern approximately (rather than ex-
actly). This is used to match the first and last words in a
chunk. We additionally calculate a CER based metric to
match the first and last 10 characters in a chunk.

Using the above metrics to measure the quality of the tran-
scription, we create two categories for our training corpus. Data
that do not meet the quality filters applied in either category are
excluded from the training.

Stage 1 The first category is defined by a set of relaxed val-
ues for CER and BLEU, comparing the original transcription
to that of whisper—-large-v3 and VOXREX. Although the
whisper—large-v3 transcriptions are generally of higher
quality than those from VOXREX, both transcriptions are used
to safeguard against potential hallucinations from Whisper. We
apply dataset specific BLUE thresholds based on qualitative as-
sessments, where the main aim during “Stage 1” is to filter
out most of the low signal and pure noise observations where
ground truth has very low or no overlap with the audio. CER
thresholds comparing the first and last 10 characters of ground
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truth and machine transcriptions are used only to determine
which samples to train with timestamp tokens during this stage.
The hypothesis behind this category of data is that even though
the transcriptions are not perfect, they are still good enough to
learn from.

Stage 2 The second category, denoted “Stage 2”, is char-
acterized by a set of higher requirements for the quality of the
transcriptions, to ensure that only the most accurate examples
from the training data are included in the second stage. If the
previous category was characterized by the width of the varia-
tion of Swedish, this category will instead be characterized by
the transcription style. Additionally, in Stage 2 filtering, we in-
troduce another metric, ROUGE-N, to further ensure high tran-
scription accuracy. During filtering, we calculate BLEU score
and a weighted combined ROUGE-N score using weights that
place higher emphasis on longer n-grams. We assign weights 0,
0.25, 0.5, 0.25, respectively to 1-, 2-, 3- and 4-grams. A CER
threshold of 0.2 or lower for the first and last 10 characters is
used here to determine whether to include the sample.

The final composition of our corpus is shown in Table 1.

Table 1: Composition of our Swedish speech corpus

Dataset Stage 1 (h) Stage 2 (h)
SVT 18468 688

Subtitles SMDB 8629 421
YouTube 7164 2001

Riksdag 21949 5119

Dialects 54 54

NST 250 250

Total 56514 8533

3.5.1. Non-speech and timestamps

Although the above pipeline would filter out any examples
where there is no speech, we actively include some portion of
the data where no speech is present. One common issue with
Whisper is its hallucinations, where the model outputs tran-
scriptions not corresponding to the speech, or transcriptions
when there is no speech. One hypothesis behind hallucinations
is the lack of training examples with no speech and no corre-
sponding transcriptions. To this end we include examples in our
training data with no speech or transcription to help the model
learn not to output any transcriptions when there is silence. The
total amount of non-speech in our training data is 100 h.

A portion of the training data is prepared with timestamp
tokens added at the subtitle block or sentence level, with the
goal of retaining the original Whisper model’s ability to out-
put timestamps. In order to provide a consistent signal to the
model, we only train with timestamps on those examples where
the CER between ground truth and the first and last 10 charac-
ters of an ASR transcription is equal to 0.2 or lower. Times-
tamps are sampled into the training at a rate of roughly 50%
during “Stage 27, and at lower single digit percentage rates in
“Stage 17.

3.5.2. Previous context as prompt

The datasets are processed to allow for the option to train on
the text of a previous adjoining audio segment as a contextual
prompt. We train with the previous context at a 50% rate. Since
Whisper uses the same token, < |endoftranscript | >, for
padding and end of transcript, a crucial detail in loss masking



implementation is to leave one < | endoftranscript | > un-
masked, while masking the last n — 1 occurences.

4. Model training

In [3] five model sizes of Whisper were trained. In order to
accommodate all end users, from large scale transcription tasks
utilizing GPUs to modest applications run on a laptop, all model
sizes are fine-tuned. The model sizes in parameters range from
39 million to 1.5 billion and are outlined in Table 2 along with
the chosen learning rates for the training. Much of the training

Table 2: Number of parameters, learning rate and node hour
consumption for all Whisper model sizes

Model name Parameters Learning rate Node hours
tiny 39M 6 x 1074 600

base 74M 4x107* 700

small 244 M 2x107* 880
medium 769 M 5x107° 1600

large 1.55B 7x107° 3100

details are similar to those detailed in [3], such as AdamW [12]
optimizer and a linearly decaying learning rate after 5000 steps.
The main modifications with respect to the original Whisper
training lay in the choice of learning rate, that we set to slightly
lower values. All model sizes are trained with a two-stage ap-
proach, an initial training using the Stage 1 portion of the data
for 150 000 steps, with the corresponding learning rates detailed
in Table 2. This initial training stage is followed by a second
training stage for 50 000 steps using the Stage 2 category of the
data.

All models are trained on the LEONARDO supercom-
puter [13], with access awarded through the EuroHPC Joint Un-
dertaking. Each computing node at the LEONARDO supercom-
puter is equipped with four Nvidia custom A100 64GB GPUs.
The total computing consumption is detailed in Table 2. The
total train batch size is set to 1024, with per-device batch sizes
of 16.

5. Results and discussion

We report test results as a comparison between OpenAl’s Whis-
per and our models evaluated using the metrics word error rate
(WER) and BLEU scores. The splits of three hold-out datasets
which have not been employed for validation purposes during
training are used: namely FLEURS (train and test set), NST
(test set), and Common Voice (train, validation, and test set).
Common Voice and FLEURS are not part of our training data
and as such they represent the models’ out-of-domain perfor-
mance. There is a significant improvement in performance for
all model sizes trained in this paper compared to OpenAl’s
Whisper, which can be seen in Table 3 for WER and Table 4
for BLEU.

Most notable is the improvement in WER for the smaller
model sizes, where the WER for the OpenAl Whisper-tiny
model evaluated on FLEURS resulted in 59.2, a number which
has rendered the model more or less inutile. We report an im-
provement in WER to 13.2 for the smallest model size (tiny).
The second noteworthy observation is that our Whisper-small
outperforms OpenAl’s Whisper-large as evaluated on these
benchmarks. This result has a positive implication on the
amount of compute needed for transcription tasks, as the same
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Table 3: Model performance measured in WER (lower is better)
evaluated on FLEURS, CommonVoice, and NST.

Model size FLEURS COommon- oy
Voice

iy KBLab  13.2 12.9 112
OpenAl  59.2 67.8 85.2

base KBLab 9.1 87 78
OpenAl  39.6 52.1 534

ol KBLab 7.3 64 6.6
OpenAl  20.6 26.4 26.4

diom KBLab 6.6 54 58
OpenAl  12.1 15.8 17.1

Jorgo-v3 KBLab 5.4 41 52
OpenAl 7.8 95 113

Table 4: Model performance measured in BLEU (higher is bet-
ter) evaluated on FLEURS, CommonVoice, and NST.

Model size FLEURS COmmon-  yop
Voice
iy KBLab _ 76.6 737 743
OpenAl  26.9 21.1 24.0
b KBLab 832 79.9 783
OpenAl  41.1 325 36.9
ol KBLab _ 86.6 835 79.6
OpenAl  64.0 56.5 582
e diom KBLab _ 87.6 85.0 80.2
OpenAl 77.1 70.1 68.9
Jargov3 KBLab  89.8 87.2 S1.1
OpenAl  84.9 79.1 75.1

performance can be achieved for a much smaller model that
in turn consumes significantly less compute during inference.
Most notably, we report an average 47% reduction in WER
comparing our best performing model to OpenAl’s Whisper
large-v3, in evaluations across FLEURS, Common Voice, and
NST.

5.1. Future work

Although the results reported in this paper exhibit a massive
improvement in ASR for Swedish, we see many avenues for
future work that can further strengthen ASR for Swedish.

The data preprocessing pipeline as outlined in Sec-
tion 3.5 is relying on the transcriptions from OpenAl’s
whisper-large-v3 to select high-quality training data. An
obvious drawback with this approach is that one can not differ-
entiate if the training data is of bad quality (e.g. not identified as
Swedish) or if the model used to transcribe is not good enough.
One risk is that this approach is rejecting training data with dif-
ficult dialects as the OpenAl model has not been trained on this
type of speech before. By using our fine-tuned Whisper-large
for the transcription step in the data preprocessing pipeline, one
could potentially select more high-quality training data as well
as training data with rare dialects. So data that had otherwise
been filtered out due to a bad model performance, could in fact
be included in the training data now, and further widen the range
of quality in the training data. With the same reasoning, the use
of a better Wav2Vec2.0 model than the VOXREX used in the
data preprocessing pipeline would be beneficial.
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