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Figure 2: A spectrogram of a sample sentence from
the Ossian TTS model trained on 1 hour of Lule
Sami speech. Sentence text: “Divvun, same duol-
latjallemveedtsak, le dal dsaduvvam stuoves drnigin
Tramsd universitiehtan.”

Figure 3: A spectrogram of a sample sentence from a
human native speaker of Lule Sdmi, reading the exact
same sentence as in the Ossian sample.

for getting better results, more training data would be
needed, but piloting the methods using small experi-
mental data gives us better insight on the requirements
for the speech corpus, i.e. the size and audio quality of
the data.

As the expectations for the quality of TTS are very
high due to the examples from well-resourced lan-
guages such as English, using a neural vocoder (such
as WaveNet, Oord et al. (2016) or WaveGlow) that pro-
duces realistic, human-like speech is necessary for good
usability and user experience.

As described in Makashova (2021), the North Sami
TTS voice was trained with a female voice, data set con-
sisting of 3500 training sentences. The TTS model con-
sisted of four components: Tacotron, ForwardTacotron,
Tacotron2 and WaveGlow, the two latter ones from the
official Nvidia repository. The training of this success-
ful and good quality Tacotron model and the WaveGlow
model took one month, and for the ForwardTacotron for
three days, on a single GPU. In Divvun, we have access
to the Norwegian academic high-performance comput-
ing and storage service (Sigma2) and thus the training
time could be significantly shorter.

As can be seen from comparing the spectrograms in

Figure 4: A spectrogram of a sample sentence gener-
ated using a Tacotron model of North Sami. The text
is the North Sami equivalent of the Lule Sami sen-
tence in the previous figures: “Divvun, samegielat riek-
tacallinreaidu, lea dal dsahuvvon bistevas ortnegiin
Romssa Universitehtas.”

Figures 2, 3 and 4, the Tacotron sample is also visually
similar to the human speech in Figure 3. The Ossian
sample has a lot lower frequency range compared to the
Tacotron and human samples, and the formant transi-
tions are not smooth. Figure 4 also shows the promis-
ing quality of the Tacotron sample: with few hours of
training data, realistic and good quality TTS is achiev-
able. Thus, a similar workflow, following the North
Sami one for training the Lule Sami TTS voice has been
planned and started in our project.

It has to be taken into account that the environmental
cost for the complex modelling of speech is high in
terms of electricity and technical components such as
graphical processing units (GPUs). For reducing these
costs, there are possibilities to adapt existing speech
models by training the models further with additional
data and pre-trained models from a “neighbouring” lan-
guage. This so-called transfer learning (Tu et al., 2019;
Debnath et al., 2020) allows for utilising smaller data
sets for training, making it possible, for example, to use
the North Sdmi TTS model as the starting point for the
Lule Sami TTS.

At this point, we have made some experiments ona TTS
model using transfer learning between North and Lule
Sami. With a miniature data set (approx. one hour of
speech data recorded with a cell phone), we were able
to train a Lule Sami voice, but the quality of the out-
put showed that this corpus did not cover all necessary
phonemes of the language and thus there were some
phonological inaccuracies. Moreover, as the North and
Lule Sami orthographies are somewhat different (for
example, the alveolar fricative sound written in English
as sh, is written as § in North Sami, and as sj in Lule
Sami), there were errors in this kind of cases. By con-
verting both North and Lule Sami texts to [PA charac-
ters these differences could be ”eliminated” and thus the
transfer learning would presumably be more successful.
A good quality speech corpus of Lule Sami is going
to be produced by autumn 2022. Having experimented



with different frameworks and experimental data sets,
we have now the required tools and technologies to pro-
ceed quickly to producing the end-user suitable TTS for
Sami.

3.3. Future Work: Approaches to Automatic
Speech Recognition

In addition to TTS, we are working towards developing
atool for automatic speech recognition (ASR) for Sami.
This section describes materials and experiments only
for North Sami, but in the future, we hope to expand
our work to Lule Sami ASR as well.

In Makashova (2021), TTS and ASR models were
trained simultaneously in a dual transformation loop,
using the same read speech data set, corresponding to
only six hours of speech from two speakers, three hours
each. The ASR model in this work was based on the
Wav2Vec model which is a part of the HuggingFace
library. The model was trained for 30 000 steps and
it reached a WER (Word-Error-Rate) of 41% and 0.5
loss. The most common error types in the ASR pre-
dictions seem to be in word boundaries (*eardldhkai —
eard lahkadi and in lengths of some sounds (*rinskit —
rinskkit). However, these kinds of errors would be easy
to correct using Divvun’s spell checking software.
One of the most important differences between train-
ing the TTS and ASR models would be that for TTS,
the training material needs to be very clean in terms of
sound quality and there needs to be as many recordings
from a single speaker as possible. For ASR, on the other
hand, the recorded materials can be of poorer sound
quality and preferably from multiple speakers and from
different areal varieties of a language as long as there
are good transcriptions of the speech.

State-of-the-art ASR frameworks normally require up
to 10,000 hours of multi-speaker data for training reli-
able and universal models that are able to generalise to
any unseen speaker (Hannun et al., 2014). As collecting
these amounts of data from small minority languages is
not a realistic goal, alternatives such as utilising exist-
ing archive materials can be considered for developing
speech technology for Sami. These are provided by,
e.g., The language bank of Finland and The language
bank of Norway. These archive materials contain spon-
taneous, transcribed spoken materials from various di-
alects and dozens of North Sami speakers.

The huge amounts of speech data normally used for
ASR thus might require massive online data sourcing
campaigns, such as the ongoing Lahjoita puhetta —
“Donate your speech”® project for developing Finnish
ASR. A similar campaign but in a smaller scale could
be considered for the Sami languages.

The first experiments on using the ASR model from
(Makashova, 2021) to predict unseen spontaneous
North Sami speech have been promising and there is
ongoing work on further development of an ASR tool.

Syle.fi/aihe/lahjoita-puhetta
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We believe such a tool will contribute to the docu-
mentation and to better usability of any untranscribed
Sami archive speech corpora. By providing automatic
text transcriptions of the materials, they could be eas-
ily searchable and thus utilized for, e.g. linguistic re-
search. Additionally, ASR has an important role in
modern language-learning applications that have spo-
ken language exercises, such as in Duolingo (Teske,
2017).

4.

In summary, the procedures and pipelines described
above could be applied to any (minority) language with
a low-resource setting, in the task of developing speech
technology applications. Most of the applications dis-
cussed here can be piloted with or further developed
with relatively small data sets (even with < 10 hrs of
paired data), compared to the amounts of data used for
respective tools for majority languages. This is largely
possible thanks to the available open source materi-
als and technologies, especially those relying on, e.g.,
transfer learning methodologies that allow for adapting
speech models between related/similar languages.
Additionally, Cooper (2019) suggests that for low-
resource languages, certain types of found data could
be used to build TTS, instead of collecting a synthesis
corpus from scratch. In this research, non-traditional
sources of data such as (read) ASR data, radio broad-
cast news and audio books were used to develop usable
and natural sounding TTS.

Finally, for tasks like TTS, if a speech corpus must
be built from scratch, it has to be designed to priori-
tise quality over quantity of the corpus. We ensure a
good quality and multi-purpose speech corpus by work-
ing with professional voice talents and language experts
that are native speakers of the language. Additionally,
by making the speech corpus used for developing TTS
openly available, future needs to collect similar corpora
are reduced.

Conclusion
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