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Abstract

The paper sets to investigate the amount of variation between
the North Sami speakers living in two different majority lan-
guage contexts: Finnish, spoken in Finland, and Norwegian
Bokmal, spoken in Norway. We hypothesize that the major-
ity language is a significant factor in recognizing variation of
the North Sami language. Although North Sami is the biggest
of the nine currently spoken Sami languages and it has become
a lingua franca among the Sami speakers, there are clear differ-
ences in the pronunciation of the North Sami spoken in Finland
and Norway, so that the difference can be used to recognize
which majority language region the speaker comes from. Using
a corpus of spoken North Sami collected in locations in Fin-
land and Norway, we experimented in classifying the speech
samples into categories based on the two majority languages.
We used the i-vector methodology to model both intra- and
between-dialect variations, and achieved the average recogni-
tion of about 17.31% EER for classifying the Sami speech sam-
ples. The results support our hypothesis that the variation is due
to the majority language, i.e. Finnish or Norwegian, spoken in
the given context, rather than individual variation.

Index Terms: Dialect recognition, accent recognition, spoken
interaction, under-resourced languages, i-vector system

1. Introduction

The North Sami language (davvisdmegiella) has about 20,000
speakers living in the area that spans over the northern parts
of three countries: Norway, Sweden and Finland. The speakers
are at least bilingual and can also speak the majority language of
the country they live in (i.e. Norwegian, Swedish, and Finnish).
This has impact on the spoken North Sami language, and the
speaker’s country of origin can be fairly easily distinguished
based on their speaking manner [1].

North Sami enjoys official recognition: it is an official lan-
guage in six northernmost counties in Norway and legally rec-
ognized in Finland and Sweden so that the Sami speakers have
the right to use their tongue in all official contexts. In Finland,
the Sami language can be studied as the mother tongue through
the educational system up to the college level, and the first stu-
dents graduated from college in 1994. The Sami languages are
studied at the University of Oulu (Giellakas Institute) and at the
University of Helsinki, and in recent years about half a dozen
PhD dissertations have also been written in the North Sami lan-
guage e.g. [2, 3]. There is also a Sami language technology
research centre Giellatekno at the Arctic University of Norway
in Tromso.

In this paper, we study the North Sami spoken variation in
Finland and in the Finnmark area in Norway. It is clear that the
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speakers of North Sami in Finland and in Norway can be distin-
guished from each other, and we assume that there is more vari-
ation among the speakers of North Sami who live in the differ-
ent majority language locations in Norway and in Finland, than
among the speakers who live in different location within the
same majority language context. This variation cuts across the
traditional dialect boundaries according to which North Sami as
a whole belongs to the Western dialects of the Sami languages.

In terms of methodology, we approach the North Sami di-
alect characterization task as an automatic closed set language
identification (LID) task [4]. The methods in language recogni-
tion are categorized in two main categories: acoustic [5, 6] and
phonotactic [7, 8, 9] approaches. Acoustic approach uses seg-
mental features computed from the utterance and modeled by
statistical techniques, whereas the phonotactic approach models
the phoneme occurrences. Recently, an acoustic modeling tech-
nique, called i-vector modeling of speech utterances [10] has
been shown to either outperform or have similar performance
than the phonotactic approaches [11]. In this paper we will use
i-vectors as the statistical speech utterance models.

We recognize each dialect based on the trained statistical
model, and the closest matching dialect model is selected for
each test utterance. The research in the dialect characterization
has focused on larger dialect groups, such as automatically clas-
sifying American and British English [12] or Arabic dialects
[13]. In addition, recent NIST language recognition evalua-
tion (LRE) campaigns have focused on characterizing dialects.
However, recognition of regional dialects has received less at-
tention. Some inital recognition experiments were performed
by DeMarco and Cox [14] on fourteen regional British English
dialects using the i-vector system. They reported the identifica-
tion error rate of 32%. Later in [15], they improved the identifi-
cation error to 19% using a very large-scale fusion system. Sim-
ilar performance was obtained using i-vectors on characterizing
regional Swiss French dialects [16]. Also Finnish regional di-
alects of the Satakunta region were studied using i-vector based
techniques, with similar results [17].

Our goal is to verify the impact of the majority language
on North Sami, and thus find evidence on the issues related to
assimilation, and dialect variation. We use the i-vector based
automatic dialect recognition system to validate our hypothesis
that the variation in North Sami dialects is due to the majority
language, i.e. Finnish or Norwegian, spoken in the given con-
text, rather than individual variation.

2. The North Sami Language

The nine Sami languages belong to the Finno-Ugric language
family, and they are spoken in the northern parts of Finland,
Norway, and Sweden, and in the Kola Peninsula in Russia. Cur-
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Figure 1: Map of Northern Europe, with the inset showing the
data collection sites for this study.

rently there are about 30.000-40.000 Sami speakers, but some
Sami languages have already disappeared and some have only a
few speakers left [18, 19]. North Sami is the biggest and most
widely spoken of the Sami languages, with about 20,000 Sami
speakers. It has become a kind of lingua franca among the Sami
speakers, used e.g. in news broadcasting.

In practice, however, all Sami speakers are at least bilin-
gual: they also speak the majority language (Finnish, Norwe-
gian, Swedish). Due to active and strong revitalization efforts,
especially using the so called ”language nests” and legislation,
the languages have gained more interest and an official status
in the Nordic countries. For example, the Inari Sami language
has been systematically supported and the number of speakers
has now grown from some tens of elderly people to more than
300 mother tongue speakers in about 20 years [20]. It should
be noted, however, that there are more ethnic Sami people than
there are speakers of the Sami languages, and the definition of
an “ethnic Sami” has been under intense debate [?].

The Sami languages form a continuum without any sharp
dialect and language boundaries, but the different Sami lan-
guages are not necessarily mutually intelligible. Traditionally
the Sami languages have been divided into Eastern and Western
dialects: e.g. North Sami belongs to the Western group, and
the geographically close Inari Sami to the Eastern group. North
Sami is itself divided further into three main dialects: Torne
Sami, Finnmark Sami, and Sea Sami.

In this study, we focus only on North Sami variation. Our
data is collected within the DigiSami project [21, 22] in the
main Finnmark region where North Sami is spoken. Figure 1
shows the North Sami speaking area and the data collection sites
used in this study.

Spoken language shows variation related to individual
speakers. For instance, according to [1], there are dialect varia-
tions within Karasjok area in Finnmark (one of our data collec-
tion locations), which means that within one dialect area, such
as the Finnmark Sami, one can find differences in the pronunci-
ation, especially in diphthongs.

However, the Finnmark area cuts across the current state
boarders of Finland and Norway, and we hypothesize that the
differences in spoken North Sami language in Finnmark are big-
ger between the languages spoken in the two majority language
areas (Finland and Norway) than between the various data col-

lection sites in the Finnmark area general. In other words, the
variation can be related to the different majority languages spo-
ken in the area, and it shows the influence of Finnish and Nor-
wegian on the spoken North Sami. It is interesting that although
there exists a written standard language for North Sami (and for
the other Sami languages as well), such variation can also cause
uncertainty in the written form.

The differences in the Sami languages mainly concern
morphophonetic variation, while syntactic changes are fairly
small [23]. For instance, in the Eastern dialects the vowel
system contains three low vowels /4/ : /a/ : /4/ whereas Western
dialects have only two /4/ : /a/:

gélgat /kalkah/ : galgat /kalkah/ 'must’
gdpmagiid /kaapm(a)ij/ : cdpmii /ciddpmij/

Also diphthongs in the Eastern dialects become open:

miessi /miessii/ a fawn’: geassi /kidssii/: /kiessii/ 'summer’

luohti /luohtii/ ’a yoik’:goahti /kuihtii/: /kuohtii/ "teepee, trad. dwelling’

In the Eastern dialects, /k/ in between vowels has disappeared,
and /p/ has changed into /v/:

johka /joohka/ : joga /joo.a/ 'river’
lohpi /lohpii/ : lobi /loovii/ *permission’

Diphtongs are one of the most complex issues in the North
Sami phoneme system. There are four diphtongs (/eéd/ as in leat
’to be’, /ie/ as in giella ’language’, /oa/ as in boahtit 'to come’,
/uo/ as in vuodjat ’to swim’, but they vary between the individ-
ual speakers. E.g. in our data, one of the speakers in the Ut-
sjoki sample pronounces the diphthong “uo” as /ye’/, although
in general it would be pronounced /ue/. Another interesting ob-
servation is that the phoneme /u/, which does not belong to the
original set of Sami phonemes, now appears in new loanwords
such as “universitehta” ’university’ in the Norwegian side. In
North Sami spoken in Finland, the word is pronounced with an
ordinary /u/.

It is also interesting that unvoiced unaspirated stop tend to
become voiced apparently due to the Norwegian influence, and
also the consonant /r/ is pronounced “weaker” in Norway than
in Finland. In Norway, the speakers also reduce vowels more
than in Finland, especially /a/ and /4/ in the second syllable of
two-syllabic words, and in the fourth syllable in four-syllabic
words.

3. Automatic Dialect Recognition

In this work, we represent an utterance using the fixed length
and low-dimensional latent variable vector in the total variabil-
ity space [10]. This is commonly called an i-vector, and it con-
tains the variability in the utterance, such as dialect, speaker and
the recording session. The Gaussian mixture model (GMM) su-
pervector, M, of an utterance is represented as [10],

M =m + Tw, (D

where m is the utterance independent component (the univer-
sal background model or UBM supervector), T is a rectangular
low rank matrix and w is an independent random vector of dis-
tribution A/(0, I). T represents the captured variabilities in the
supervector space. It is estimated by the expectation maximiza-
tion (EM) algorithm similar to estimating the V matrix in joint
factor analysis (JEA) [24], with the exception that every training



utterance of a given model is treated as belonging to a different
class. The extracted i-vector is then the mean of the posterior
distribution of w.

As the extracted i-vectors contain both intra- and inter-
dialect variability, we use heteroscedastic linear discriminant
analysis (HLDA) [25] to project the i-vectors onto a space
where inter-dialect variability is maximized and intra-dialect
variability is minimized. In standard HLDA technique, the vec-
tors of size n are projected into subspace p < n, using HLDA
matrix A € R"*". Within-class covariance normalization
(WCCN) is then used to compensate unwanted intra-class vari-
ations in the total variability space [25]. Given two i-vectors
Wiest and wfargct for dialect d, cosine similarity score ¢ is com-
puted as follows:

~ T  ~d
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Further, v‘vfarget is the average i-vector over all the training ut-
terances in dialect d. This score a calculated for all target lan-
guages, and we identify the dialect by the one with highest de-
gree of similarity. It is also notable that only the dialect labels
involves in computing HLDA, hence, the system doesn’t know
which utterances belong to Norwegian or Finnish, and provides
unbiased results concerned the effect of majority languages.

4. Evaluation setup
4.1. Data

Our data consists of North Sami speech samples collected in
three villages in Finland: Utsjoki (Ohcejohka), Inari (Anar)
and Ivalo (Avvil), and in two villages in Norway: Kautokeino
(Guovdageaid) and Karasjoki (Karasjohka). The locations were
selected so that the main Sami speaking areas were represented
with different North Sami dialects, and the main Sami central
towns were also represented. The events were organized at high
schools and in community halls and libraries, and the partici-
pants took part in three different tasks: Wikipedia article plan-
ning and writing in the Sami language, Wikipedia article read-
ing aloud in the Sami language, and free conversation in the
Sami language, see more of the DigiSami data and data collec-
tion in [21, 22]

There are 28 participants, 10 men and 18 women. Their
ages range from 16 to 65 years: 17 were 16-21 years old, five
30-44 years old, and six 49-65 years old. All but one of the par-
ticipants were native speakers of North Sami. One participant
in Kautokeino had learnt North Sami as a second language, but
he was a fluent speaker and used North Sami daily at work. The
participants (or their parents if under-aged) were asked to sign
a data usage agreement where they allowed the data collection
and its use for research purposes.

All participants were bilingual, and spoke either Finnish
(Utsjoki, Ivalo, Inari), or Norwegian (Kautokeino and
Karasjoki). Most participants had lived their life in the Sami
area, although not in the same town or village. Ten participants
had also lived in bigger cities in the southern part of the area
for a short period of time. Almost all (26) participants reported
they use North Sami daily; one participant reported using North
Sami weekly and one participant monthly.

It is interesting that most participants reported using North
Sami in their main daily activities when communicating with

Table 1: Number of speakers and utterances within each loca-
tion in the Sami corpus.

Dialects #Speakers #utterances

Kautokeino 4 123
Karasjoki 6 82
Ivalo 6 83

Utsjoki 5 126
Inari 4 87
Total 25 501

family members (89%), teachers and co-workers (75%), but less
than half (46%) used North Sami when communicating in other
social situations in shops, offices, and restaurants. This may
reflect the fact that the interlocutors in shops and offices are
often majority language speakers. Another interesting observa-
tion is that 57% of the participants said they use North Sami
with all the people they communicated with, i.e. with both fam-
ily members and outsiders, while two participants reported they
use North Sami when communicating with outsiders, not with
family members.

For the experiments we selected read speech from 25 par-
ticipants to the data collection. Table 1 shows the number of
speakers and utterances within each dialect. For our purposes,
all the audio files were partitioned into wave files of 30 seconds
chunks, and downsampled to 8 kHz sampling rate.

4.2. Evaluation measurement

Results are reported in terms of average detection cost
(Cavg) [4] and average equal error rate (EERavg). EER in-
dicates the operating point where false alarm and miss alarm
probabilities are equal. Cpgr is defined as [4],

CDET = CmissPtaeriss(La)

1
+ Ca(l= Par)5— D> Pa(Ls, Ly) ()
k#j

where Ppiss denotes the miss probability (or false rejection
rate), i.e., a test segment of dialect L; is rejected as being in that
dialect. Pga(L;, Ly) is the probability when a test segment of
dialect Ly is accepted as being in dialect L;. The costs, Cmiss
and Cf, are both set to 1 and Par, the prior probability of a
target accent, is set to 0.5 as in [4].

5. Results

To compensate for the lack of sufficient data in training and
evaluation, we first trained the UBM and the T-matrix using the
Finnish language PERSO corpus [26] corresponding to 30916
utterances in total. This corpus is similar to the DigiSami cor-
pus with respect to the way the data is collected and structured.
In order to reduce the factor created by speaker variation during
evaluation, we used the leave-one-speaker-out (LOSO) strategy,
already used in [25]. For each target accent, we randomly se-
lect a speaker, and his/her utterances are left-out which form
an independent evaluation set equally combined of 5 dialects.
The remaining utterances are used for training the target mod-
els. The HLDA dimensions were re-trained in each LOSO it-
eration from the training portion of the utterances. We repeat
the experiments six times with different set of excluded speak-
ers, so all users from each dialect are used in both training and
evaluation set.

Table 2 shows the performance for each individual North
Sami dialect. Generally, Norwegian dialects (i.e. Kautokeino
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Figure 2: Confusion matrix of identified utterances.

and Karasjoki) attain lower recognition accuracy with average
EER of 20.11%. Conversely, the system achieves decent per-
formance on Finnish Sami with expected EER of 15.43%. Fig-
ure 2 shows the confusion matrix in which we treat the problem
as dialect identification task. The red square region represents
confusion between identifying Norwegian Sami dialects (Kau-
tokeino and Karasjoki), while the yellow square region is the
confusion among Finnish Sami dialects (Inari, Utsjoki, Ivalo),
and green region indicates mis-identification rate between the
two main dialects. The matrix emphasized strong confusion in
identifying Kautokeino and Karasjoki, which may be caused
by their close regional relation. Additionally, there is mixed
confusion between Norwegian Sami and Finnish Sami repre-
sented by the amount of Karasjoki and Kautokeino utterances
which are misclassified as Inari ones. This can be interpreted
as a transition zone between the two major dialects. However,
the mis-identification rates are significantly lower for Utsjoki
and Ivalo which highlights the clear border between the spo-
ken dialects in Norway (Kautokeino and Karasjoki) and those
spoken in Finland (Ivalo, Utsjoki, Inari). Moreover, the better
performance in Ivalo and Utsjoki indicates their closed relation
to Finnish, since we used PERSO, Finnish corpus, for training
the UBM, the results are biased toward enhancing the discrim-
ination of Finnish North Sami. This supports the view that the
majority language has an impact on the dialect among bilingual
speakers. This is especially pronounced in the case of North
Sami, since the majority languages Norwegian and Finnish are
linguistically quite different from each other.

Table 2: Recognition accuracy per each dialect in the Sami cor-
pus. Results are reported in terms of EER (%) and Cpgr.

Dialect |EER (%)|Cbrr x100
Kautokeino| 24.43 26.00
Karasjoki | 15.79 15.74
Inari 28.26 23.95
Utsjoki 10.37 13.54
Ivalo 7.66 9.72
Average | 17.31 17.79

In particular, the results from Utsjoki and Ivalo indicate that
the speech of the subjects is fairly uniform and adapted to the
speech of the other participants of that area. On the other hand,
the confusions between Karasjoki and Inari as well as Kau-
tokeino and Karasjoki samples show that the speakers do not
form such a uniform group. In fact, the confusion between Kau-

Table 3: Confusion matrix on the Sami dialect recognition task.

Predicted label
Norwegian Finnish

True | Norwegian 166 101
label | Finnish 86 283

tokeino and Karasjoki samples may be due to the fact that both
locations are in Norway, and North Sami is spoken in a more
standardized manner in Norway than in Finland (cf. Utsjoki
and Ivalo). The confusion between Karasjoki and Inari sam-
ples is interesting since the participants have wide age range
and the locations are in different countries. It may simply re-
flect more active contacts between the speakers across the bor-
der, thus giving rise to assimilation of their spoken language
in mutually understandable manner. It would be interesting to
study assimilation of the participants’ speech in interactive sit-
uations more, and compare the current data (read speech) with
the speech recorded in conversational contexts.

Furthermore, by treating the problem as a two-class identifi-
cation task, Table 3 shows that the identification error of Finnish
North Sami utterances is about 30%, while 60.8% of Norwegian
North Sami utterances were misclassified. Cohen’s kappa of the
confusion table is 0.3917 with z-value of 9.8433 indicating sig-
nificance. These results in Figure 2, Table 2 and Table 3 are
consistent in that detecting Norwegian Sami dialects is more
difficult than detecting Finnish North Sami dialects.

6. Conclusion

We studied how well the North Sami speech samples can be
distinguished from each other using dialect recognition tech-
niques. We achieved average recognition EER of 17.31%, with
the main confusions taken place between North Sami spoken in
Norway vs. Finland. Since the phonetic variation is observable
and influenced by geographic differences and culture exchange,
our results on acoustic analysis support the original hypothesis
that the difference between the North Sami dialects depends on
the majority language (Norwegian vs. Finnish) used by North
Sami speakers.

New ways to communicate and mediate information, such
as TV, radio, and recently appeared social media, have and will
have a large impact on the traditional linguistic scenery by shift-
ing language use towards “globalized” language use (see debate
in [27]). It is likely that social media has a bigger impact on
small language communities than on larger ones, but it is an
empirical question to what extent, and which language dimen-
sions will be preserved by new media. In the future, more data
can be collected and analyzed for studying the detail effect of
majority language on North Sami speakers from both acoustic
or linguistic point of view.
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