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Marija Stepanovié,'® Christian Hardmeier,! (® and Odette Scharenborg®
'Department of Computer Science, IT University of Copenhagen, 2300 Copenhagen, Denmark
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ABSTRACT:

Multilingual phone recognition models can learn language-independent pronunciation patterns from large volumes
of spoken data and recognize them across languages. This potential can be harnessed to improve speech technologies
for underresourced languages. However, these models are typically trained on phonological representations of
speech sounds, which do not necessarily reflect the phonetic realization of speech. A mismatch between a phonologi-
cal symbol and its phonetic realizations can lead to phone confusions and reduce performance. This work introduces
formant-based vowel categorization aimed at improving cross-lingual vowel recognition by uncovering a vowel’s
phonetic quality from its formant frequencies, and reorganizing the vowel categories in a multilingual speech corpus
to increase their consistency across languages. The work investigates vowel categories obtained from a trilingual
multi-dialect speech corpus of Danish, Norwegian, and Swedish using three categorization techniques. Cross-lingual
phone recognition experiments reveal that uniting vowel categories of different languages into a set of shared
formant-based categories improves cross-lingual recognition of the shared vowels, but also interferes with recogni-
tion of vowels not present in one or more training languages. Cross-lingual evaluation on regional dialects provides
inconclusive results. Nevertheless, improved recognition of individual vowels can translate to improvements in over-

all phone recognition on languages unseen during training. © 2025 Acoustical Society of America.
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I. INTRODUCTION

State-of-the-art automatic speech recognition (ASR)
models perform well on a small number of high-resource lan-
guages, but often generalize poorly to the large number of
under-resourced languages and dialects, especially ones not
found in the training data (Scharenborg et al., 2020). When
developing ASR models for under-resourced languages, multi-
lingual and cross-lingual models that leverage phonological
representations of speech sounds have shown promise in learn-
ing language-independent pronunciation patterns from higher-
resource languages and recognizing them cross-lingually in
low- and zero-resource scenarios (Feng et al., 2021; Li et al.,
2020; Xu et al., 2022; Zelasko et al., 2022; Zelasko et al.,
2020). However, their phone recognition rates on unseen lan-
guages are still far from those achieved on languages seen dur-
ing training (Gao et al., 2021; Xu et al., 2022).

One possible explanation of the relatively poor results
of such models could be the lack of multilingual speech data
transcribed phonetically using a unified cross-linguistically
consistent system, such as the one provided by the
International Phonetic  Alphabet (IPA) (International
Phonetic Association, 1999), in which phone symbols corre-
spond to their articulatory characteristics. As a result, these
models have usually relied on combined monolingual
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phonological systems (Xu et al., 2022; Zelasko et al., 2020),
which are rarely consistent across languages due to differ-
ences in phonological inventories, phonological notation,
and transcription conventions (Laver, 1994, p. 549).
Moreover, even when designed to be consistent with the
IPA, monolingual phonological systems are typically based
on the canonical pronunciation forms from a dominant lan-
guage variety, which means they do not take account of all
the variation in speech, such as allophonic, regional, or
socioeconomic variation (Laver, 1994, p. 551).

Vowels are particularly prone to variation and nota-
tional inconsistencies (Labov et al., 2005; Tanner et al.,
2022). Different languages have different vowel inventories
where each vowel category is represented as a discrete pho-
nological symbol (Ladefoged and Maddieson, 1990).
Different vowels can have wide and often overlapping
ranges of realizations, which can result in two languages or
dialects using the same phonological symbol for two pho-
netically distant sets of vowel realizations,1 or, vice versa,
using multiple different symbols to denote overlapping
ranges of vowel realizations.” Fortunately, the periodicity
and resonance of vowels, which can be measured reliably
from the speech signal as vowel formants (Catford, 2001, p.
153), make them amenable to comparative cross-linguistic
studies that could be used to both improve notational consis-
tency and incorporate phonetic variation.

© 2025 Acoustical Society of America
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This paper proposes a formant-based vowel categoriza-
tion method for increasing the consistency of phonetic
vowel representations used in multi- and cross-lingual ASR.
We hypothesize that the new formant-based vowel catego-
ries would reduce cross-lingual vowel confusions that stem
from a mismatch between a vowel’s phonological symbol
and its phonetic manifestations. We believe that this could
lead to lower phone error rates (PERs) on unseen languages,
and especially their non-standard regional dialects. More
specifically, we investigate the effect of formant-based
vowel categorization on cross-lingual phone recognition of
three languages: Danish, Norwegian, and Swedish.
Additionally, we break down the trained cross-lingual mod-
els’ performance by dialect region and examine how our
vowel categorization methods affect cross-lingual phone
recognition on non-standard regional dialects. This will
highlight whether our approach is particularly effective for
underresourced speech varieties. Finally, we investigate for
which vowels our approach is most effective. Although no
longer considered low-resource, these three languages com-
prise a diverse trilingual corpus suitable for experiments in
multilingual and cross-lingual phonetic transfer.

Our method entails the estimation and normalization of
vowel formants from a phonologically transcribed and
aligned speech corpus, followed by new categorizations of
vowel phones based on their location in the vowel space.
The obtained vowel phones are then inserted into the origi-
nal phonetic utterance transcripts in place of their canonical
pronunciations. Finally, we evaluate the new representations
on a cross-lingual phone recognition task and investigate
their potential for cross-lingual transfer to languages and
dialects unseen during training.

It should be noted that our study is focused exclusively
on the major features of the phonetic quality of monoph-
thong vowels, i.e., height, backness, and lip rounding, as
they occur in most languages, including the three languages
studied here, and can be directly associated with vowel for-
mants (Ladefoged and Maddieson, 1990). Minor features of
vowel quality, such as nasalization, pharyngealization, rho-
tacization, phonation, diphthongization, and tone, are not
clearly distinctive in all three languages in this study, and
are, thus, not included in the analysis. Vowel length is dis-
tinctive in the studied languages but cannot be extracted
from static formant frequencies alone, and is, hence, also
excluded. For example, Danish and Swedish do not have a
clear-cut distinction between diphthongs and monophthong
vowel-vowel, vowel-consonant, or consonant-vowel sequen-
ces (Grgnnum, 1998; Riad, 2014).

Il. THEORETICAL BACKGROUND

A. Vowel formants

Vowels are speech sounds produced without any
obstructions in the vocal tract. Traditionally, they have been
described by specifying the position of the tongue and lips
during their articulation, namely, in terms of three parame-
ters: vertical tongue position (vowel height), horizontal
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tongue position (backness), and lip shape (rounding)
(Catford, 2001, p. 120). The articulatory vowel space is thus
commonly defined as a quadrilateral whose points are vow-
els produced with the tongue in an extreme position, as far
front, back, high, or low as possible without creating fric-
tion. These four points delimiting the vowel space together
with the intermediate points along the edges and inside of
the quadrilateral form a system of reference vowels known
as cardinal vowels. Although the vowel space is continuous,
the cardinal vowel system allows us to describe the height
and backness of any vowel in any spoken language based on
its position within the vowel quadrilateral (International
Phonetic Association, 1999, p. 13).

However, the articulatory basis of the vowel space has
long been disputed as the positions of cardinal vowels do
not accurately reflect their corresponding tongue positions
(Ladefoged and Disner, 2012, p. 131). Indeed, it has been
demonstrated that vowel quality is more accurately charac-
terized in acoustic terms, using formants, which represent
spectral prominences computed from the speech signal that
correspond to the acoustic resonances of the human vocal
tract and depend on the size, shape, and position of the
speech organs during speech production (Joos, 1948;
Ladefoged and Maddieson, 1990; Lindau, 1978). This
means that the posited vowel space is more indicative of our
perception of the acoustic properties of vowels than it is of
their articulation. It should thus be viewed as an abstraction
rather than a direct mapping of tongue position
(International Phonetic Association, 1999, p. 12).

In acoustic studies of vowels, the first two formants (F,
F), which correspond to the two lowest resonant frequencies
of the vocal tract, are typically used to characterize vowels
(Ladefoged and Disner, 2012, p. 39). More specifically, F;
has been found to correlate with vowel height and F, with
vowel backness and lip rounding (Johnson, 2011, p. 144;
Ladefoged and Johnson, 2015, p. 208). For this reason, plot-
ting vowels in terms of F; and F, allows us to locate them
within the abstract cardinal vowel quadrilateral. As the last
major feature of vowel quality, lip rounding has been pro-
posed as the third dimension in a 3D representation of the
vowel quadrilateral (Ladefoged and Maddieson, 1990).
However, since rounding has an effect on all formants (Fant,
1960, p. 64), the third dimension of the vowel space cannot
be independently interpreted as the degree of rounding.
Furthermore, while | and F, have often proved sufficient
for vowel identification in studies on the perception and dis-
crimination of natural and synthetic vowels (Fry et al., 1962),
F5 and higher formants might be required to distinguish fea-
tures, such as rounding and rhoticity. However, we restrict
our study to the first two formants to be able to visualize our
results in two dimensions and compare them to existing stud-
ies of Danish, Norwegian, and Swedish vowel spaces.

B. Cross-lingual vowel normalization

Formant values cannot be directly compared across dif-
ferent speakers, as they also encode information about the
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physiological characteristics of a speaker’s vocal tract
(Ladefoged and Broadbent, 1957). As a result, any compari-
son of vowels produced by different people, including those
who differ by dialect or language, requires a vowel normaliza-
tion procedure in order to reduce the confounding effects of
individual speaker differences on the formants (Disner, 1980).
This procedure is designed to minimize the acoustic overlap
among vowel categories. This is believed to simulate the abil-
ity of human listeners to deal with acoustic variability of vow-
els in speech recognition (Reetz and Jongman, 2020, p. 285).

A number of different vowel normalization techniques
have been developed and applied to various languages. They
are typically described as vowel-intrinsic or vowel-extrinsic
depending on the type of information they use to transform
the raw formant frequencies. Vowel-intrinsic procedures
have been developed with the aim of modeling human speech
perception. In order to normalize a given vowel, they rely
solely on the acoustic information present in that single
vowel token. They include transformations into log, bark
(Traunmiiller, 1990; Zwicker, 1961; Zwicker and Terhardt,
1980), ERB (Glasberg and Moore, 1990), or mel (Stevens
and Volkmann, 1940) frequency scales, as well as procedures
that adjust each formant value based on the values of the
other formants in the same vowel, such as Miller’s formant-
ratio method (Miller, 1989). On the other hand, vowel-
extrinsic normalization requires external knowledge about
the speaker, and typically describes vowels in relation to the
other vowels in the speaker’s vowel space. The most widely
used vowel-extrinsic procedures include Neareyl and
Nearey2 (Adank et al., 2004; Nearey, 1978), which center
the formant values around a speaker’s mean, and Lobanov
(Lobanov, 1971), which further standardizes the centered val-
ues to unit standard deviation. Previous studies comparing
normalization procedures have found the vowel-extrinsic
methods that involve speaker-specific centering and standard-
ization to be the best at separating vowel categories while
preserving socio-linguistic variation (Adank et al., 2004;
Carpenter and Govindarajan, 1993; Disner, 1980; Kohn and
Farrington, 2012; Lobanov, 1971; Persson and Jaeger, 2023;
Richter et al., 2017). However, few of these methods allow
direct comparisons of vowel systems across different lan-
guages, as the systems may not be comparable on the basis of
their mean vowels (Disner, 1980).

The normalization technique we employ in this paper
was devised for a cross-linguistic study of vowel spaces by
Chung et al. (2012). It is a modification of the Neareyl
method (as defined in Adank et al., 2004), which makes it
more robust to cross-lingual differences in vowel systems.
The study demonstrates that this technique is effective at
reducing the variation in formant frequencies due to speak-
ers’ gender and age while maintaining cross-lingual varia-
tion. It is performed using the following equation:

L

1,87

Norm __ L n
Fi.s - Fi,s —-F

where Fﬁs is the log-transformed value of F; for speaker s,
and F ﬁs is the weighted mean of the mean log-transformed
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F; values of each of the point vowels /i, a, a, u/ for speaker
s. The mean is weighted by the number of tokens in each
vowel category to account for the different number of tokens
available for each speaker. Intuitively, this procedure con-
verts all formant frequencies into log space where each
vowel is represented in terms of its distance from the
speaker-specific centroid vowel, i.e., the weighted mean of a
speaker’s mean point vowels (F fs).

C. Phonological characteristics of Danish, Norwegian,
and Swedish

Since our vowel categorization experiments are per-
formed on a trilingual corpus consisting of Danish,
Norwegian, and Swedish speech, we provide a brief intro-
duction to the phonology and vowel systems of these three
closely related languages. Danish, Norwegian, and Swedish
belong to the North Germanic language group, a branch of
the Indo-European family, together with Icelandic and
Faroese. Although they are thought to descend from distinct
branches of North Germanic, modern Danish, Norwegian,
and Swedish are now considered part of the same continuum
of dialects with varying degrees of mutual intelligibility,
commonly referred to as the Continental North Germanic or
Scandinavian dialect continuum (Gooskens, 2020).
According to a survey of studies on the mutual intelligibility
of Scandinavian languages, Norwegian and Swedish have
the highest degree of mutual intelligibility in spoken com-
munication in the Scandinavian group, while Danish and
Swedish have the lowest. However, the mutual intelligibility
is asymmetrical and depends on various factors, including
amount of exposure to the other language, geographical dis-
tance from the border, attitude toward regional variation,
and historical political influences. For example, Norwegian
speakers understand to a relatively high degree both spoken
and written Swedish and Danish (Gooskens, 2020), while
spoken Danish seems to be the most difficult to understand
for both Norwegian and Swedish speakers (Grgnnum, 2003;
Basbgll, 2005, p. 7).

All three languages have complex phonological systems
with particularly large vowel inventories. There are many
parallels among their phonological systems, especially
between those of Norwegian and Swedish, such as their pho-
neme sets and certain patterns of allophonic variation. There
are also a number of differences, especially in Danish,
which might explain why speakers of Norwegian and
Swedish find Danish more difficult to understand. Namely,
Danish exhibits several radical reduction processes, such as
lenition of obstruents in syllable-final positions and assimi-
lation and deletion of post-tonic syllables (Grgnnum, 1998,
2003). Another distinguishing feature of Scandinavian lan-
guages is the contrastive use of pitch with two distinct pitch
patterns, often termed tonal accents, which are found in
most varieties of Norwegian and Swedish, as well as some
southern dialects of Danish, and may vary considerably
across regions (Wetterlin, 2010, pp. 2—4). On the other
hand, most Danish dialects do not feature tonal accents and
instead use stgd, typically described as a form of creaky

Stepanovi¢ et al.

0S:6%:60 §202 I4dY 60


https://doi.org/10.1121/10.0036222

voice, whose distribution often corresponds to the distribu-
tion of tonal accent 1 in Norwegian and Swedish (for more
on stgd, see, e.g., Fischer-Jgrgensen, 1989; Grgnnum,
2023). These prosodic differences further reduce the mutual
intelligibility of Norwegian and Swedish with Danish
(Grgnnum, 2003).

The phonological systems of Danish, Norwegian, and
Swedish presented here belong to the varieties spoken in
and around the capital regions, as they are described in the
corpus used in our experiments (see Sec. III B). Although
none of the languages have a mandated spoken standard, the
capital regions enjoy a relatively high level of cultural influ-
ence.’ The consonant sets of Norwegian and Swedish have
significant overlap and include 23 consonants each, while
Danish has 19 consonants. When it comes to their vowel
systems, Danish has 26, Norwegian 19, and Swedish 18
monophthong vowels. Table I shows a side-by-side compar-
ison of the monophthong vowel systems of Danish,
Norwegian, and Swedish as described in Sprakbanken: The
Norwegian Language Bank (2003c.d,e). In addition to
monophthongs, the Norwegian and Swedish vowel sets also
include 5 and 2 diphthongs, respectively, which are
excluded from this study as our focus is specifically on
monophthongs.

We can see that most of the vowels occur in pairs of
short and long vowels, and that within some pairs there is
also a qualitative difference (e.g., [1, Y, U] vs [i:, y:, u:] in
Norwegian and Swedish). Another unusual characteristic of
these vowel systems is the large number of rounded front
vowels, whose formant values might overlap with not only
the surrounding rounded vowels but also their unrounded
counterparts. Since the transcription conventions used in the
corpus were devised for the purpose of ASR, the presented
vowel sets are not identical to the phonological systems
described in the established literature (Basbgll, 2005;
Engstrand, 1990; Grgnnum, 1998; Kristoffersen, 2000;
Riad, 2014). The analytical differences between the pre-
sented vowel systems and their corresponding systems from
phonological studies include small discrepancies in the
number of distinguished monophthongs or their IPA labels.
This is not surprising for the Scandinavian languages as ana-
Iytical inconsistencies can also be found across different
phonological studies of the same language (Grgnnum, 1996;
Kristoffersen, 2000, p. 11).

When it comes to dialectal variation in Scandinavia, tra-
ditional regional dialects, with their own phonological and
morphological systems, have largely disappeared in the past
century due to industrialization, urbanization, and migration
(Gooskens, 2020). Especially in Denmark and Sweden,
where the national standard has held a dominant role, many
traditional dialects have been replaced by varieties of the
national standard, often called regional standards (Basbgll,
2005, p. 13; Riad, 2014, p. 7).4 The perceived differences
among the present-day regional standards can be explained,
to a large extent, by differences in prosody and phonetic
quality, while morphological, syntactic, and lexical variation
across regions has decreased significantly (Leinonen, 2011).
On the other hand, regional dialects have a much stronger
position in Norwegian, where the official language policy is
that all spoken varieties are to be considered equal.
Nevertheless, Norwegian dialects have also undergone
regionalization and leveling to the extent that most regional
dialects today are mutually intelligible (Kristoffersen, 2000,
p- 7). Like in Danish and Swedish, phonetic and prosodic
features play an important role in perceived and measured
dialect distances (Gooskens and Heeringa, 2004; Heeringa
et al.,2009).

Ill. METHODS
A. Motivation

Since the starting pronunciation transcripts are taken
from a pronunciation dictionary, where a given word or
phrase will always have the same pronunciation regardless
of the speaker or linguistic context, they are neither intra-
nor cross-linguistically consistent, because they do not
reflect the actual realization of words in connected speech.
We try to mitigate these inconsistencies by performing
vowel categorizations based on the normalized formant val-
ues. Namely, we categorize normalized vowels in three
ways using k-means clustering: monolingual language-
dependent, multilingual language-dependent, and language-
independent categorization. Subsequently, we relabel the
vowels depending on which cluster they are assigned to.

Monolingual language-dependent  categorization
(mono) is performed at the level of a monolingual subcorpus
by clustering all monophthong tokens in the subcorpus
based on their position in the vowel formant space and

TABLE I. Monophthong vowel inventories of Danish, Norwegian, and Swedish.”

Danish Norwegian Swedish
Front Central Back Front Central Back Front Central Back
—T +r -T +r - +r - +r - +r - +r - +r —T +r —T +r
Close i, 1 v,y - - - u,u 1, 1! Y,y - u - U, U L1 Y, y! - - U, u
Close mid e, el @, o1 E) - - 0,0 el [} E) o - o e, N - 5] - 0
Open mid e, el ce, el A - - 2,0 € - - - €, e - - -
Open a, al - - - a,a  p,pl  ®, &l - - - a,a: - - - - a -

“The triangular colon () indicates length. —r and +r denote unrounded and rounded vowels, respectively. Hyphens (-) indicate that a particular vowel type is

not part of a given vowel set.
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relabeling them according to their cluster membership. This
increases the within-language consistency of vowel repre-
sentations by allowing vowels to vary in terms of, e.g., their
allophonic realization or the speaker’s socio-linguistic iden-
tity, regional dialect, or emotional state.

Multilingual language-dependent categorization (multi)
clusters and relabels all monophthong tokens from each lan-
guage in the corpus based on their position in the vowel for-
mant space of a multilingual corpus. This should increase
both the within- and cross-language consistency of phonetic
vowel representations, and could, thereby, help improve
vowel recognition on non-standard speech, as well as low-
and zero-resource languages and language varieties.

Language-independent categorization (cardinal)
involves vowel categorization with respect to a set of cardi-
nal vowels, a system of reference vowels that allows us to
describe any vowel in any spoken language with respect to
the two primary vowel features height and backness (Laver,
1994, p. 276). The hypothesized values of cardinal vowel
formants are taken from Catford (2001, p. 154). This form
of vowel categorization should increase the cross-lingual
consistency of vowel representations since all vowels are
categorized into the same set of cardinal vowel categories
regardless of the language. Like multilingual clustering, this
could also help improve vowel recognition for low- and
zero-resource languages and varieties. Additionally, it
should generalize to unseen languages better than monolin-
gual and multilingual clustering as the cardinal vowels do
not depend on the vowel systems of the training languages.
However, since the peripheral cardinal vowels are produced
with the tongue in an extreme position, there are few lan-
guages with a vowel system that spans the entire range of
cardinal vowels (Catford, 2001, pp. 133—134). Therefore,
this kind of clustering might require a large number of
diverse languages to achieve better generalization in cross-
lingual vowel recognition.

B. Corpus description and preparation

As speech data, we use the ASR databases for Danish,
Norwegian, and Swedish created in the 1990s by the now
defunct company Nordisk  Sprakteknologi  (NST)
(Sprakbanken: The Norwegian Language Bank, 2003a,b,f).
They consist of a number of short but phonetically diverse
read-aloud sentences and phrases recorded in a quiet office
environment using high-quality recording equipment. The
recordings have high signal-to-noise ratio, consistent anno-
tations, and speaker metadata, which includes speakers’
gender, age, and regional dialect.> All utterances in the data-
sets are recorded in the uncompressed WAV format contain-
ing 16-bit linear PCM audio sampled at 16 kHz, and paired
with their corresponding orthographic transcripts in Danish,
Norwegian Bokmal, and Swedish. Since all three datasets
were part of the same resource creation effort, we refer to
them collectively as the NST corpus, and its individual
monolingual subsets as NST subcorpora.

2252  J. Acoust. Soc. Am. 157 (3), March 2025

Each subcorpus comprises a large number of utterances
and a diverse set of adult speakers: 257 818 utterances by
716 speakers (51.8% female and 48.2% male) in Danish,
381864 utterances by 959 speakers (55.5% female and
44.5% male) in Norwegian, and 381 865 utterances by 1041
speakers (54.9% female and 45.1% male) in Swedish. It
should be noted that each speaker in a subcorpus reads the
same list of utterances with their native pronunciation. This
means that only the pronunciation varies across the provided
dialect regions while the lexical content stays the same.
Furthermore, the dialect regions in the subcorpora do not
necessarily correspond to the regional varieties recognized
in Scandinavian dialectology. For example, some regions
are not represented in the subcorpora, such as the Danish
island of Bornholm and the Swedish island of Gotland. In
some cases, the regions are delimited in such a way as to
create a regionally balanced corpus. The exact dialect
regions for each subcorpus show phone recognition results
by dialect region (see Table V).

All three subcorpora are originally split into a training
and test set only. Since there are no validation data and the
test sets are significantly larger than typical ASR test sets,
we extract smaller tune, development, and test sets from
each original test set. The splits are performed manually in
order to maintain gender and dialect balance in the tune,
development, and test sets, and preclude speaker overlap
between any two subsets. In the end, each non-training parti-
tion consists of exactly one male and one female speaker
from each regional dialect available in the corpus. The left-
over data from the original test set are added to the train
data. As opposed to the non-training partitions, the new
training sets are not regionally balanced. The capital region
is the majority dialect region in each subcorpus, and about
twice as large as the other regions. The respective sizes of
the resulting train, tune, development, and test partitions
are, for Danish: 2639, 17.9, 18.9, and 20.2h; for
Norwegian: 428.1, 32.5, 33.1, and 33.0 h; and for Swedish:
420.2,25.4,28.6,and 27.7 h.

To transcribe the speech data phonologically, we use
the accompanying NST pronunciation lexicons of Danish,
Norwegian, and Swedish (Sprakbanken: The Norwegian
Language Bank, 2003c,d,e). The NST lexicons provide
canonical pronunciations of the most frequent lexical items
in the three languages, including all words and multi-word
expressions from the NST corpus, manually transcribed in
X-SAMPA, an ASCIl-based encoding of the IPA.
Furthermore, they come with detailed guides on their
respective transcription conventions, which include X-
SAMPA-to-IPA conversion tables and a cross-lingual com-
parison chart of the three phonological inventories. We use
these to convert all phonological transcripts to the IPA, to
be able to compare vowel categories across languages and
to the theoretical cardinal vowels.

To be able to represent Danish, Norwegian, and
Swedish vowel phonetic qualities cross-linguistically, we
strip the dictionary phonological representations of all
suprasegmental features, i.e., stress, tone, length, and stgd
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TABLE II. The number of phone and monophthong vowel types in the pho-
nological inventory of each language in the NST corpus.

Number of types Danish Norwegian Swedish
Phones 33 45 41
Monophthongs 14 (7+7) 17 (7 + 10) 16 (6 + 10)
(unround + rounded)

Language unique 5Q2) 9(1) 4 (0)

(of which monophthongs)

(Danish creaky voice) markers. Table II shows the number
of phone and vowel types for each of the three languages in
the NST corpus.

The three NST vowel systems are shown side by side in
terms of their formant values in Fig. 1. The monophthongs
shared by all three languages are [i, e, €, a, y, @, &, 9, 0, u].
Danish and Norwegian share only [9], Danish and Swedish
[a], while Norwegian and Swedish have [1, Y, &, ©, U] in
common. Danish has two unique monophthongs [A, D],
Norwegian one [z], and Swedish none.

C. Vowel categorization pipeline

The vowel categorization pipeline consists of three
steps: phonetic corpus alignment, vowel normalization, and
vowel clustering and recategorization.

To obtain the start and end times of each vowel in the
NST corpus, we segment the speech into phones by force-
aligning the speech and the transcriptions of each monolin-
gual subcorpus individually with forced alignment models.
To that end, we use Kaldi’s sprakbanken recipe to train
monophone and triphone acoustic models based on hidden

Danish Norwegia
mean F2 (Hz)

mean F2 (Hz)

Markov models and Gaussian mixture models (HMM-
GMM).® The parameters of the acoustic models are esti-
mated by alternating between training and alignment phases
where each new training step uses the aligned output from
the previous step to refine the model’s parameters and
improve the alignment between the acoustic data and the
reference transcript. For the final alignment, we train a
speaker-adapted model with feature-space Maximum
Likelihood Linear Regression transforms estimated at the
speaker level (Gales, 1998). After this stage, we extract
phone alignments for each utterance, which are a by-product
of the training procedure, and convert the integer phone
labels to their corresponding IPA symbols.

Subsequently, for each vowel, the formant frequencies
are estimated using Praat (Boersma and Weenink, 2018) and
its Python port Parselmouth (Jadoul ez al., 2018). We use
standard formant settings in Praat: pre-emphasis from
50Hz, Gaussian analysis window with window length of
0.025 s, dynamic range of 30dB, 5 formants per frame, and
a formant ceiling of 5500 Hz for female voices and 5000 Hz
for male voices. The output of the formant estimation is a
sequence of formant values for each vowel formant. Since
we are dealing with monophthongs whose formants are rela-
tively constant, we create a single value that represents the
formant frequency as accurately as possible. First, we dis-
card outlier values that are more than 2 standard deviations
away from the mean of the sequence, which are assumed to
be formant mistrackings. Then, we extract the midpoint
value of the resulting sequence, which is a point where the
formant is considered the most stable and least affected by
adjacent phones (Ladefoged, 2003, p. 104). Finally, the
obtained formant midpoints, which we refer to as raw

n Swedish
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FIG. 1. Vowel spaces for each language in terms of mean raw F; and F; in Hz (top) and mean normalized F; and F, (bottom). Female (dashed green circles)

and male (solid orange circles) vowel distributions are plotted separately. The

locations of the vowel labels represent the grand means for each vowel cate-

gory, i.e., the mean of all speakers’ means. The ellipses around them correspond to mean vowel spread one standard deviation from the grand mean.
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F,-F,, are normalized following the procedure explained
in Sec. I B.

The effect of this procedure is visualized in Fig. 1 which
shows the female and male vowel categories for each language
before and after | — F, normalization. The plots show that this
method greatly reduces both the spread within each vowel and
the difference between corresponding male and female catego-
ries. This indicates an overall reduction of the effects of indi-
vidual speaker characteristics on formant values and allows us
to compare normalized vowel spaces across languages.

Subsequently, the three formant-based vowel categori-
zations are carried out (as introduced in Sec. IIT A), which
results in three types of relabeled phonetic utterance tran-
scripts: mono, multi, and cardinal transcripts.

Since all three languages in our corpus are rich in both
unrounded and rounded vowels whose first two formant val-
ues can overlap considerably (Basbgll, 2005; Kristoffersen,
2000; Riad, 2014), we cluster these two sets of vowels sepa-
rately. Therefore, for each language and categorization, we
first separate unrounded and rounded vowels based on their
dictionary IPA symbol, and, then, use k-means to cluster
each group into k clusters, where k is the number of vowel
types in the given vowel group of a given language.

For language-dependent categorization (mono and
multi), we cluster the unrounded and rounded vowels of a
given language into k clusters, where k is the number of
unrounded or rounded vowels in its vowel system. For
mono, the cluster centers are estimated from the vowels of
each monolingual subcorpus separately, whereas, for multi,
they are estimated from the vowels of all three subcorpora
together. In each case, the k-means algorithm is initialized
with a predefined set of cardinal vowels as cluster centers
for the purpose of preserving the vowel cluster labels. To
minimize the effects of outlier vowels, which might result
from errors in phonetic alignment or formant estimation, for
each vowel type, we only cluster the vowel instances whose
normalized formant values are within 2 standard deviations
from the mean. The outlier vowels over 2 standard devia-
tions from the mean, are, therefore, left unchanged.

For language-independent categorization (cardinal), we
do not learn the clusters from the data, but rather create a
trained k-means model using a set of predefined cardinal
vowels as cluster centers. We use this model to determine
which cardinal vowel cluster each monophthong in the
speech corpus belongs to. This is equivalent to classifying
each monophthong with a 1-nearest neighbor classifier
trained on a set of normalized cardinal vowels.

The outcome of each of the three forms of clustering is
a new categorization of monophthong vowels which should
more accurately reflect their acoustic realization. These are
used to create a new set of utterance transcripts for each lan-
guage in the corpus by relabeling the monophthong vowel
tokens of the original transcripts with the new labels.

It should be noted that none of the categorization methods
changes the phone sets of the source languages provided by
the NST pronunciation lexicons. They only change the distri-
bution of monophthong vowel tokens in the utterance

2254  J. Acoust. Soc. Am. 157 (3), March 2025

transcripts. Preserving the same phone sets across different
clustering methods and their resulting utterance transcripts
makes it possible to compare our experiment results across the
three categorization techniques and the original transcripts.
With mono transcripts, about 21% of the original phone
tokens underwent relabeling in each NST subcorpus. With
multi transcripts, about 22% of the Swedish, 25% of the
Norwegian, and 26% of the Danish phone tokens underwent
a label change. Finally, with cardinal transcripts, about 22%
of the Swedish, 25% of the Norwegian, and 25% of the
Danish phone tokens underwent a label change. About 4%
of all monophthong tokens were considered outliers and
excluded from any categorization. Figure 2 shows the clus-
tering decision boundaries for each of the categorization
methods in relation to the original vowel distributions.

D. Cross-lingual evaluation

The utility of the three vowel categorization approaches
is assessed in a set of cross-lingual phone recognition
experiments. All phone recognition models are created by
fine-tuning the pretrained multilingual wav2vec 2.0 model,
XLSR-53 (Baevski et al., 2020; Conneau et al., 2021), on
two NST subcorpora (training languages). The trained mod-
els are then evaluated on the third, unseen NST subcorpus
(evaluation language). For each evaluation language, we
fine-tune three cross-lingual models using the mono, multi,
and cardinal transcriptions, individually, and one cross-
lingual model using the original dictionary-based pronuncia-
tions (original), which is used as the baseline. We further-
more investigate the effect of the number of labeled fine-
tuning samples on the cross-lingual (zero-resource) models’
performance by fine-tuning on 1000, 2000, 3000, 4000,
5000, and 10000 samples from either training language (so
double that number of fine-tuning samples in total). For
fine-tuning, we use randomly sampled utterances from the
training sets of the NST subcorpora, while the entire tune
and development sets are used for validation and evaluation,
respectively.

The pretrained model is fine-tuned using Connectionist
Temporal Classification for wav2vec 2.0 (Baevski and
Mohamed 2020; Graves et al., 2006) provided by the Hugging
Face Transformers library (Wolf et al., 2020). Each cross-
lingual model is fine-tuned on one GPU over 12 000-30000
training steps. The number of steps is determined as the number
of fine-tuning samples + 10000. We use a train batch size of 4
with 4 gradient accumulation steps. For optimization, we use
AdamW with a learning rate of 3 x 10 with 2000 warm-up
steps and 0.005 weight decay. Once fine-tuning is finished,
cross-lingual evaluation is conducted on the entire development
set of the evaluation language using the model checkpoint that
had the lowest validation loss on the whole tune sets of both
training languages. The test sets are not used in this study. They
are reserved for prospective follow-up studies that will evaluate
the vowel categorization approach in downstream tasks.

All fine-tuned models are evaluated in terms of PER
and phone feature Hamming edit distance (PFHED)
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FIG. 2. The decision boundaries of each vowel category for each of the three categorization methods per language. Each vowel cluster has a different color
and is labeled with the corresponding IPA symbol, which is located at the cluster centers. The circled vowel symbols and the surrounding ellipses plotted
over the decision plots represent the mean of the original vowels and mean vowel spread 2 standard deviations from the mean.

(Mortensen et al., 2016). PER is computed as the standard
word error rate in which each phone token is treated as a
word token. It represents the ratio of errors in the hypothesis
to the total number of phones in the reference transcript,
averaged over all utterances in the evaluation set. With this
metric, each phone error (insertion, deletion, or substitution)

J. Acoust. Soc. Am. 157 (3), March 2025

carries the same weight of 1. For example, for a reference
utterance such as [0 151z o k" @ t] (This is a cat.), hypothe-
sessuchas[distzaket]and [oms1zr vnt] would have
the same PER (55.6%). However, all else being equal, a speaker
of English is more likely to understand the former whose articu-
lation is closer to the reference than that of the latter.
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TABLE III. Mean PERs and standard deviation (%) of all cross-lingual models averaged over three experiment runs. The results in a rectangular frame indi-

cate the best models for each categorization type across different sample sizes.

Samples per training

language transcript 1000 2000 3000 4000 5000 10000
Danish Original 53.65 £ 0.20 53.35+0.12 53.17 £0.10 52.94 = 0.19 52.92+0.24 5298 £0.12
Mono 54.00 = 0.29 54.18 = 0.05 54.18 £0.17 54.40 = 0.16 54.33 £0.07 54.24 +0.07
Multi 51.85*+0.26 51.85£0.11 51.51+0.07 51.60 = 0.03 51.36 +0.03 51.29 +0.14
Cardinal 50.41 +0.32* 50.29 = 0.18" 49.70 = 0.127 49.92 +0.11° 49.75 = 0.26" 49.97 +0.18"
Norwegian Original 41.85+0.30 4122 +0.16 40.89 £ 0.15 40.92 = 0.11 40.96 = 0.28 40.69 * 0.16
Mono 40.61 = 0.23" 39.65 +0.31" 39.32 £0.30" 39.35£0.29" 39.32 + 0.20° 39.60 * 0.49*
Multi 42.59£0.31 41.77 £0.24 4191 £0.17 41.86 £0.23 41.92£0.16 42.22+0.33
Cardinal 40.77 £ 045 39.99 = 0.08 40.03 £0.07 40.20 £0.20 39.91 £ 0.54 40.82£0.26
Swedish Original 44.72 £ 0.25 43.78 = 0.05 43.58 £0.17 43.31+0.05 43.21 £0.12 4291 £0.26
Mono 43.59 +0.17* 42.26 = 0.10° 41.75 = 0.09* 41.68 = 0.06" 41.46 = 0.16" 41.18 = 0.061
Multi 46.24 £ 0.05 4593 +0.25 45.74 £0.20 4538 £0.12 45.37£0.38 45.00 £ 0.22
Cardinal 44.35+0.20 43.43 £0.04 43.16 £0.18 43.16 £ 0.04 43.03 £0.06 42.86 £0.16

“The best results for each number of fine-tuning samples per training language and each evaluation language.

For this reason, we also evaluate the models using
PFHED, which takes articulatory/acoustic features (e.g.,
high, low, front, back, round, etc., for vowels) into account
when measuring the error rate. This metric gives the same
weight to insertions and deletions as PER, 1, but less weight
to substitution errors. Specifically, it converts all phone
tokens in the reference and hypothesis transcripts into 24-
dimensional articulatory/acoustic feature vectors, and then
computes the Hamming edit distance between the
substituted phones, giving a weight of 1/24 to each feature
edit between the reference and hypothesis feature vectors.

The two metrics complement each other and should be
analyzed together as both have their strengths and limita-
tions. PER is useful for downstream ASR tasks where exact
transcripts are preferred, more likely to correlate with down-
stream metrics such as character or word error rate, and
allows us to compare the performance of our models with
the performance of other models in the literature. However,
it penalizes substitution errors between phonetically close

representations too strongly. On the other hand, PFHED
shows how close the references and hypotheses are in pro-
nunciation, but penalizes deletion and insertion errors too
strongly. Since both PER and PFHED measure error rates,
lower scores indicate better performance.

Finally, to ensure the observed results are not coincidental,
we fine-tune and evaluate each model three times using the
same data and hyperparameters, and report the mean error rates
and their standard deviation over the three experiment runs.

IV. RESULTS
A. Cross-lingual phone recognition

To investigate the effect of different types of vowel cat-
egorizations on the overall performance on the cross-lingual
phone recognition task, we first take a look at the PER and
PFHED results of each cross-lingual model.

Table III shows the mean PERs and Table IV the mean
PFHEDs of each cross-lingual model fine-tuned on the

TABLE IV. Mean PFHEDs and standard deviation of all cross-lingual models averaged over three experiment runs.

Samples per training language

evaluation language transcript 1000 2000 3000 4000 5000 10000
Danish Original 7.83 £0.19 7.68 = 0.08 7.80 = 0.07 7.64+0.14 7.72 £ 0.09 7.93+0.11
Mono 7.19£0.05 7.22+0.03 7.25+0.01 7.41 £0.06 7.33+0.07 7.47+0.02
Multi 6.92 +0.14* 6.92 = 0.08" 6.89 +0.04" 7.05 £ 0.02" 6.93 +0.01" 7.04 = 0.04"
Cardinal 7.16 =0.19 7.17£0.08 7.19+0.01 7.26 = 0.02 7.17 = 0.06 7.29 = 0.06
Norwegian Original 6.46 = 0.02" 6.14 +0.07* 6.23 = 0.06" 6.28 = 0.06" 6.28 +0.02* 6.28 = 0.11*
Mono 6.80 = 0.09 6.59 = 0.05 6.50 = 0.04 6.55*0.04 6.63 = 0.01 6.62 +0.02
Multi 7.09 = 0.09 6.75*+0.19 6.95+0.02 6.93+0.01 6.90 = 0.06 7.01 £0.02
Cardinal 6.98 +0.11 6.70 = 0.01 6.66 * 0.04 6.64 = 0.05 6.68 = 0.04 6.71 £0.07
Swedish Original 7.02 =0.08 6.84 =0.01 6.87 =0.05 6.83 £0.02 6.82=0.02 6.80 = 0.09
Mono 6.68 = 0.02 6.54 =0.02 6.46 = 0.03" 6.51 = 0.08" 6.52 = 0.04" 6.55+0.01"
Multi 6.62+0.03 6.70 = 0.06 6.69 = 0.05 6.67 £0.07 6.71£0.13 6.76 £ 0.05
Cardinal 6.57 =0.02* 6.53 = 0.05" 6.54 +0.03 6.55*0.05 6.57 = 0.06 6.60 = 0.04

“The best results for each number of fine-tuning samples per training language and each evaluation language.
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different utterance transcripts and different amounts of fine-
tuning data. For Danish, when the models are fine-tuned on
Norwegian and Swedish, the multi and cardinal models con-
sistently outperform the baseline by 1.34%-1.8% and
3.01%-3.47% points on average, respectively, with the car-
dinal models achieving the lowest PERs. In terms of
PFHED, all models fine-tuned on relabeled transcripts con-
sistently outperform the baselines, but it is the multi models
that achieve the lowest edit distances. For Norwegian, when
the models are fine-tuned on Danish and Swedish, the mono
models consistently outperform the baseline in terms of
PER, by 1.09%—-1.64% points on average, while the cardinal
are mostly below the baseline. In terms of PFHED, however,
the baseline models outperform all models fine-tuned on
relabeled transcripts despite achieving worse PERs than the
mono and cardinal models. Finally, for Swedish, when the
models are fine-tuned on Danish and Norwegian, the PER
scores are similar to those for Norwegian. The mono models
consistently outperform the baseline by 1.13%-1.83%
points on average, while the cardinal models are mostly
below the baseline. In terms of PFHED, all models fine-
tuned on relabeled transcripts consistently outperform the
baselines with the mono and cardinal achieving the best
results (cardinal with up to 2000 labeled samples per train-
ing language and mono with 3000 and more).

Regarding the amount of fine-tuning data, most of the
models, irrespective of the transcript type and evaluation
language, show little to no improvement with the increase in
fine-tuning data past 3000 samples per training language.
This indicates that the pre-trained XLSR-53 does not benefit
from larger amounts of fine-tuning data when applied to
cross-lingual phone recognition on the NST corpus.

B. Phone recognition on regional dialects

To examine how the three formant-based vowel
categorizations affect cross-lingual phone recognition on
non-standard regional dialects, we first select the best cross-
lingual models for each evaluation language, and, then,
break down their performance by dialect region. The best
models have the lowest mean PER + standard deviation
among the models fine-tuned on different amounts of
labeled data and are shown enclosed in a rectangular frame
in Table III.

Table V shows the mean PERs and standard deviation
of the best cross-lingual models for each evaluation lan-
guage broken down by dialect region. We also computed the
vowel distance between a non-standard region and the capi-
tal region as the mean Mahalanobis distance (MD) between
all vowel points of the non-standard region, expressed in
terms of normalized F'; —F,, and the vowel distributions of
the capital region. The MD is chosen because, for each
vowel distribution, it takes into account the variance and
correlations in the data. Furthermore, it can be interpreted as
the number of standard deviations away from the mean of
the capital region vowel distributions (Lohninger, 2013).

J. Acoust. Soc. Am. 157 (3), March 2025

For Danish, the models fine-tuned on cardinal tran-
scripts consistently achieve the best PERs, with some of the
(more distant) dialect regions, i.e., West, South, and East
Jutland, outperforming the baselines by > 4% points. In the
case of the Norwegian dialect regions, the lowest PERs are
achieved alternately by models fine-tuned on mono and car-
dinal transcripts. Some of the non-capital regions with par-
ticularly better PERs than the baselines (>2% points of
performance gain) include Oslo Outer Fjord, Voss,
Hedmark, and Bergen. Finally, for Swedish, the lowest
PERs are achieved by the mono models. Here, the non-
standard regions with particularly better PERs than the base-
line (> 2% points of performance gain) are Middle Sweden,
Ostergétland, Vastergotland, ~ West  Sweden, and
Gothenburg.

To systematically investigate the effect of different
vowel categorizations on the cross-lingual performance on
non-standard dialect regions, we carry out correlation analy-
ses on the models’ performance gain on each dialect region
as a function of the region’s vowel distance from the capital
region. The performance gain is in comparison to the perfor-
mance of the baseline models. For each non-standard dialect
region and categorization method (mono, multi, cardinal),
we calculate how much the model’s performance differs
from the baseline (original) on the same dialect. Then, we
plot these performance gains as a function of the region’s
mean MD from the vowel space of the capital region and
measure the correlations for each categorization method and
evaluation language. The analyses reveal weak and statisti-
cally non-significant trends. For mono, the Pearson’s corre-
lation coefficients (r) are all negative (r={-0.69, —0.42,
—0.2}) for all three evaluation languages (Danish,
Norwegian, and Swedish regions, respectively), which
makes sense as monolingual clustering is not expected to be
helpful for cross-lingual phone recognition. They are close
to 0 for multi (r={0.03, 0.17, —0.22}) and slightly positive
for cardinal (r={0.5, 0.19, 0.15}). Though a very weak
trend, the performance on dialect regions more distant from
the capital seems to improve slightly as vowel categories
shift from language-dependent to being more language-
independent. However, the correlations are measured on
very small samples. Future research should focus on larger
sets of speakers and dialects to further investigate these
weak trends.

C. Phone prediction analysis

In this section, we analyze individual phone predictions
for each of the best cross-lingual models. Specifically, we
look at phone confusion matrices normalized over the pre-
dicted phones. For each reference phone p,., the confusion
matrix shows the percentage of its tokens that is predicted as
each hypothesis phone py,,. We refer to these percentages
as prediction rates.

A review of the full confusion matrices for each evalua-
tion language reveals that all models recognize consonants
much better than vowels. Namely, all seen consonants, with
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TABLE V. Mean PERs and standard deviation (%) of the best cross-lingual models on each of the evaluation languages broken down by dialect region and
averaged over the three experiment runs. The non-capital regions are sorted by their mean vowel distance from the capital region. The distance values are

shown in parentheses with the region names in the column heading.

Copenhagen

metropolitan ~ Funen  N.Jutland ~ W.Jutland  S.Jutland  W.and S. Zealand  E. Jutland
Danish area (1.16) (1.20) (1.21) (1.21) (1.22) (1.23) Total
Original 53.12 51.56 53.40 53.03 53.89 52.83 52.75 52.94
+0.23 +0.13 *0.15 +0.26 *0.19 *0.16 +0.29 +0.19
Mono 53.95 52.28 54.39 53.68 55.38 54.78 55.01 54.18
+0.08 +0.18 +0.03 +0.20 *0.05 +0.07 +0.06 +0.05
Multi 50.53 50.33 52.25 50.55 51.50 53.24 51.07 51.36
+0.09 +0.08 *0.10 *0.13 +0.01 *0.13 *0.21 +0.03
Cardinal 49.20 49.69 50.12 48.82 49.93 51.06 48.94 49.70
+0.24" +0.12° +0.15" +0.02" +0.11" +0.13" +0.17* +0.12*

Oslo Voss and

Bergen
and Outer South

metropolitan Troms surroundings Oslo Outer Nordland Hedmark and Sgrlandet Trgndelag Sunnmgre Vestland Vestland

Norwegian area (1.17) (1.20) Fjord (1.20) (1.20) Oppland (1.21) (1.23) (1.25) (1.27) (1.28) (1.30) Total
Original 41.49 39.05 39.42 39.37 39.58 41.09 38.88 40.28 39.78 46.98 41.74  40.69
*0.11 +0.04 +0.14 +0.19 +0.20 +0.09 +0.13 +0.22 +0.14 +0.78  *0.15 =*0.16

Mono 39.82 38.10 36.42 36.78 38.92 38.85 37.81 39.20 39.77 46.12  40.72 39.32
+0.11*  *0.17"  *0.22% +0.18* +0.33 +0.29* +0.19  *0.35" *0.14* *043 *0.29 =*0.20"

Multi 41.28 41.78 40.01 40.28 41.31 40.00 40.40 43.41 42.99 45.49 4249  41.77
+0.39 +0.18 +0.23 +0.32 +0.32 *0.25 +0.13 +0.24 +0.14 +0.20 *0.52 =*=0.24

Cardinal 41.00 39.86 37.46 37.53 38.71 41.05 37.76 40.46 41.61 44.60 39.88  39.99
+0.23 +0.09 +0.07 +0.17 +0.15" *0.24 *0.10"  *0.12 +0.11  *=0.32* =*0.03" *0.08

Eastern Western
Stockholm  Middle f)stergét— West  Dalarna with South  Gothenburg with South
metropolitan Sweden land  Sweden surroundings Norrland Sweden  surroundings  Vastergotland Sweden

Swedish area (1.10) (1.15) (1.17) (1.18) (1.19)  (1.19) (1.20) (1.21) (1.26)  Total

Original 42.71 43.66 45.10 42.72 42.15 42.02 43.41 43.07 41.37 45.80  43.21
+0.11 *0.24  *0.22  *0.14 +0.07 *0.07 *0.14 +0.07 *0.15 +0.24 =*0.12

Mono 40.16 40.91 42.47 40.58 41.01 41.57 42.09 40.13 39.61 4321  41.18
+0.15" +0.08" +0.04" *0.07" +0.03* +0.09*  =*0.01* +0.11* +0.04" +0.18" =*=0.05"

Multi 45.48 45.86 45.51 44.99 43.92 43.94 44.36 43.66 43.89 48.38  45.00
+0.29 *031 *0.14 =*0.14 *0.27 *0.24  =*0.19 +0.25 *0.16 *0.32 *0.22

Cardinal 44.15 44.11 42.93 42.69 41.92 4241 41.96 41.44 42.76 4429  42.86
+0.16 +0.09 *0.28  *0.11 *0.14 +0.07 *0.22 +0.26 +0.21 *0.21  *0.16

“The best results for each dialect region and evaluation language.

the exception of Danish unaspirated stops [b, d, g],” have
relatively high correct recognition rates: over 80% (and
most of them over 90%). The recognition rates are similar
across models fine-tuned on different relabeled transcript
types and on par with those achieved by the baselines.
Furthermore, vowel-consonant and consonant-vowel confu-
sions are rare: most of them have prediction rates below
0.5%. On the other hand, the mean and standard deviation
of the recognition rates of seen vowels are 45.7 = 14.9%.
Vowel prediction rates vary substantially across the dif-
ferent transcript types for all three languages. We examined
the top 3 predictions for each of the 10 reference vowels
that are found in all three languages, which are shown in
Table VI. Here, we see that the models fine-tuned on any
type of relabeled transcripts outperform the baselines on
8 of the 10 shared vowels when evaluated on Danish, 6 out
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of 10 when evaluated on Norwegian, and 6 out of 10 when
evaluated on Swedish.

The biggest improvement over the baseline is seen in
the models evaluated on Danish: the mono model outper-
forms the baseline on 6 shared vowels, the multi model out-
performs the baseline on 8 shared vowels, and the cardinal
model outperforms all other models on 7 and the baseline on
8 out of the 10 shared reference vowels. On average, the
correct recognition rates for Danish increase by 9% points
over the baseline with the multi model, and by 13.8% points
with the cardinal model. However, looking at recognition
rates of the cardinal model, we see that it performs excep-
tionally below average on two reference vowels only: [u, y].
After analyzing the cardinal decision boundary plots in Fig.
2 and measuring vowel distribution in the relabeled tran-
scripts, we discover that these two have become minority
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TABLE VI. Top 3 phone predictions and their prediction rates in % for each reference vowel shared by all three evaluation languages. The prediction rates
are the average over the three experiment runs for each model. del indicates deletion error; spn indicates spoken noise.

Danish Norwegian Swedish
Evaluation language
Top hypotheses 1 2 3 1 2 3 1 2 3
i Original i: 84.77° 1: 7.38 del: 2.82 i: 92.35% e:1.58 I 1.41 i: 95.29* 1:2.27 del: 0.35
Mono i: 89.73% del: 3.47 1: 2.71 i: 93.38° e: 1.96 del: 1.40 i: 88.88* 1: 4.96 del: 2.34
Multi i: 87.79* del: 4.43 1: 2.05 i: 95.61% e: 1.29 del: 1.00 i: 83.72% e:8.43 del: 2.94
Cardinal i: 91.16* 1: 2.95 del: 1.93 i: 97.94% e: 0.79 €:0.38 i: 98.00% 1: 0.59 e: 0.48
e Original e:27.91* 1: 23.07 i: 16.05 e: 55.17% €:17.46 del: 13.48 9:38.75 e: 29.56" del: 12.45
Mono i: 29.81 1: 20.34 e: 18.37% e: 60.85% del: 10.53 e:7.74 e:47.17% e:9.13 i: 8.60
Multi e:51.91% i: 15.36 del: 12.26 e: 48.32% i: 22.52 del: 8.41 e:49.51* ®: 19.30 del: 6.96
Cardinal e: 60.11* I: 14.60 del: 11.14 e: 73.03* 1. 7.75 del: 6.69 e: 55.39% 9: 15.60 e:10.09
e Original del: 25.65 €:23.65" e: 16.82 e:73.27% a: 8.02 e: 8.00 €:44.38" e: 17.56 del: 8.33
Mono e:28.12% del: 18.98 1:17.77 £:56.99% e: 10.16 1: 8.52 €:51.56% ®: 13.39 del: 10.41
Multi e:23.66% e:21.83 del: 19.32 e:63.11% 1: 8.87 e: 8.85 9:24.67 e:23.30% ®: 21.56
Cardinal €:42.63% e: 18.30 del: 15.73 e: 71.60% e: 1443 del: 5.25 9:26.64 e:25.27% ®: 20.02
a Original a: 55.81° del: 18.49 ®: 6.59 a: 41.34* a: 35.29 del: 7.34 a: 85.84" del: 6.73 0:3.55
Mono a: 36.51* ®:19.23 del: 16.48 a: 63.94* a: 13.84 del: 6.04 a: 71.38% 9: 6.50 del: 5.86
Multi a: 42.85% del: 14.86 2:10.31 a: 68.54% a: 10.21 del: 5.67 a: 69.90° 9: 14.25 del: 4.81
Cardinal a: 52.80° del: 13.43 2:9.14 a: 75.79* a: 6.25 €:4.87 a: 69.42° 2:10.49 del: 5.22
b) Original 0:32.58 0:23.47 o:12.42% 2:56.63"  del: 11.93 e: 4.34 5: 58.29% 0:20.88 del: 5.84
Mono 0:30.94 v: 18.58 del: 14.87 2: 49.99% 0:12.07 del: 9.89 2:50.72% 0: 16.67 0:9.11
Multi 2:26.82% w: 19.94 e:15.22 2:51.01% del: 9.04 0:6.93 2: 61.47% o: 14.55 o:8.70
Cardinal 2: 44.87% o: 30.37 del: 8.13 2: 63.59° o:7.14 0:5.98 o: 82.24° 0:3.49 a:2.94
o Original u: 31.49 0:21.08 o0: 18.38" 0:26.56" 9:25.73 spn: 12.38 0: 62.97* u: 14.61 del: 7.16
Mono u: 30.03 0:27.29* u: 13.74 0:49.58" 2:16.43 spn: 6.83 0: 65.12% 2:9.95 u: 7.34
Multi 0:31.18* 2:19.75 del: 12.80 0: 36.84* 2:26.46 del: 7.56 0:58.92% 5: 18.03 del: 6.46
Cardinal 0:51.18* 0:25.97 2: 8.07 0:59.98* 2: 17.05 del: 5.32 0:51.17% 2:30.33 del: 7.04
u Original u: 48.10" u: 22.65 e: 14.71 u: 69.48" o:15.51 del: 5.52 u: 71.72% spn: 7.12 0:6.70
Mono u: 43.06 u: 22.88" del: 12.89 u: 75.67% 0:11.13 del: 3.53 u: 69.26" 0:11.48 del: 5.58
Multi u: 39.39¢ 0:31.06 del: 11.31 u: 79.20° u: 8.62 0:3.08 u: 60.95% 0:16.30 del: 6.06
Cardinal o: 34.25 0:27.37 del: 19.23 0:50.45 2: 14.66 del: 12.47 0:27.56 spn: 24.84 0: 1245
y Original w:25.71 del: 23.94 y: 12.22°% y: 70.68* v: 10.44 i: 4.46 y: 55.06% i: 13.21 w: 10.20
Mono Y: 25.36 y: 23.73% del: 22.22  y: 64.64° v: 12.06 9: 8.08 y: 47.86" del: 13.47 v: 10.95
Multi y: 42.58% del: 17.64 y: 15.48 y: 63.03* y: 15.44 i: 6.69 y: 47.39* 9: 11.40 del: 10.18
Cardinal del: 23.53 ¢:23.10 y: 18.05% ¢: 34.74 Y: 19.48 e: 14.46 Y: 27.90 ¢: 15.45 o:10.44
] Original 9:23.91% o:19.99 w: 18.54 0: 84.93% «: 6.14 del: 2.57 0:59.34% 9:9.68 del: 9.47
Mono 0: 28.47% del: 16.41 u: 13.66 ¢: 50.58% w:9.77 o:8.55 0:52.82°% del: 8.90 ce: 6.77
Multi @: 31.39% del: 16.48 v: 13.75 ¢: 48.59% Y: 20.86 w:5.22 0: 48.69% ce: 10.95 o0: 1091
Cardinal @: 48.94% del: 12.84 o: 12.64 @: 77.60% Y: 6.60 e:4.71 @: 56.62°% ce: 11.49 del: 8.40
I3 Original del: 41.26 ¢:16.81 c: 6.50* «: 79.91% ¢:7.32 e:2.73 e: 35.79% 2:22.98 del: 13.20
Mono ce: 26.91° o:18.33 del: 16.75 0:24.70 ce: 18.77% 2: 11.65 ce: 46.23% del: 12.39 2:6.77
Multi ce: 26.12° del: 18.05 @:9.94 ce: 19.21% @:16.98 0:16.92 ce: 41.97% del: 12.05 o: 10.26
Cardinal ce: 39.94% o:17.67 del: 12.13 ce: 44.53% o: 12.54 @:12.02 ce: 64.69° del: 6.83 0:6.25

“Correct prediction.

vowels in the cardinal transcripts. This is a result of their
cardinal vowels being too far out in the vowel space.
Therefore, it is likely that the cardinal models recognize
these vowels less because they constitute less than 1% of all
vowel tokens in the cardinal training data. If we exclude
them from the average, the correct recognition rates of the
remaining vowels increase to 22.3% points above the
baseline.

J. Acoust. Soc. Am. 157 (3), March 2025

Among the models evaluated on Norwegian and
Swedish: the models fine-tuned on the relabeled transcripts
perform better than the baseline on half of the shared refer-
ence vowels, but the average recognition rates on
Norwegian decrease by 6.6% (mono), 7.7% (multi), and
7.9% (cardinal) points, and on Swedish by 0.7% (mono),
5.2% (multi), and 9.3% (cardinal) points below the baseline.
However, here we see again that the cardinal model’s
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recognition rates on the minority vowels [u, y] are outliers.
Excluding them from the average increases the mean recog-
nition rates of the remaining vowels to 6.7% points above
the baseline for Norwegian and 3.9% points above the base-
line for Swedish.

We also investigate the models’ predictions for vowels
encountered in only one of the training languages and vow-
els not found in the training languages. The recognition rates
of the vowels found in only one of the training languages
vary greatly depending on both the transcript type and the
training and evaluation languages. In particular, the recogni-
tion rates for [a], which appears in Danish and Swedish, and
[2], which appears in Danish and Norwegian, are very low:
<3% in most cases. This indicates that the presence of a lan-
guage without these two vowel labels in the training data
interferes with cross-lingual transfer of [a, 9] to and from
Danish. On the other hand, Danish does not seem to inter-
fere to such an extent with vowel transfer from Norwegian
to Swedish and vice versa. Namely, the recognition rates for
[1, Y, 0, &, U] range from 60% to 89%. Regardless of the
evaluation language, the baselines outperform the other
models on all vowels except [a], where multi and cardinal
perform better but still under 3%.

There are three language-unique vowels in our corpus
that we refer to as unseen when encountered in the evalua-
tion language: [p, A], found in Danish, and [z], found in
Norwegian. Since a cross-lingual model will never predict
nor be able to recognize phone labels that were not seen in
training, the recognition rates on unseen vowels are always
0%. The top 3 predictions for the 3 unseen vowels are
shown in Table VII. As a consonant, [r] is not a plausible
prediction for the Danish vowel [p].® The top predictions of
the other models are closer to [D] in the vowel space, with
the cardinal model’s [o] being the closest both in the cardi-
nal vowel space and the Danish mean vowel space (Fig. 1).
The top vowel predictions for the other two unseen vowels
are all plausible. As seen in Fig. 2, they correspond to the
vowel categories from the training languages which have

TABLE VII. Top 3 predictions and their prediction rates in % for unseen
vowels. del indicates deletion. The results are the average over the three
experiment runs.

Top hypotheses 1 2 3

D Original r:35.06 del: 15.77 9:15.51
Mono 0:24.43 del: 20.23 r: 14.33

Multi del: 21.14 e:20.10 r: 18.28

Cardinal 2:25.49 del: 20.66 r: 18.77

A Original del: 25.18 9:13.32 a: 13.21
Mono del: 22.38 a: 17.51 2:12.14

Multi del: 30.56 a: 11.51 1: 8.32

Cardinal del: 26.42 9:23.05 r:9.76

® Original €:50.46 del: 17.51 a: 8.95
Mono a: 47.89 €:15.88 del: 14.90
Multi £:40.16 a: 20.52 del: 15.62
Cardinal €:37.52 a:29.53 del: 15.20
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the most overlap with a given reference vowel in the vowel
space.

V. CONCLUSION

We have presented a formant-based vowel categoriza-
tion approach aimed at improving vowel recognition in
cross-lingual ASR by reducing confusions stemming from
possible notational inconsistencies and phonetic variation of
vowels in speech. Specifically, we have performed three
types of categorizations: monolingual language-dependent
(mono), multilingual language-dependent (multi), and
language-independent (cardinal), and investigated their
effects on cross-lingual phone recognition using a trilingual
corpus comprising Danish, Norwegian, and Swedish.

Our analyses show that the models fine-tuned on the
new vowel categories reduce cross-lingual PERs on all three
languages, as well as phone feature edit distances on Danish
and Swedish. The best-performing models are consistent
within languages and across variations of sample size and
experiment reruns, but different across languages. Namely,
the cardinal models outperform the baselines in terms of
PER on all three languages. They achieve the best perfor-
mance among the models evaluated on Danish, whereas on
Norwegian and Swedish, the best performers are the mono
models. Moreover, the cardinal models result in the highest
margins of improvement over the baseline on Danish com-
pared to the best performing models on Norwegian and
Swedish. We speculate that the performance improvement
was higher for Danish because its phonological system is
more distant to those of Norwegian and Swedish than the
phonological systems of Norwegian and Swedish are to
each other. For this reason, its vowel system is also less
compatible with the vowel systems of the other two lan-
guages, and could, thus, benefit the most from the
recategorization.

When it comes to the performance on underrepresented
regional dialects, only weak and statistically non-significant
correlations were observed between the models’ perfor-
mance gain on a dialect region and the region’s mean vowel
distance from the capital. Since this evaluation was per-
formed on a very small sample of languages and dialect
regions, the answer to the question whether formant-based
vowel categorization could lead to lower PERs on non-
standard regional dialects remains inconclusive.

Finally, an analysis of individual phone predictions
reveals that most shared non-minority vowels benefit signifi-
cantly from cardinal categorization (especially Danish),
while all categorization types reduce the recognition rates of
vowels absent from one or more training languages. At the
same time, a visual comparison of top phone predictions and
recategorized vowel plots indicates that having the same
vowel category overlap in the vowel space across languages
increases the vowel recognition rates, whereas a cross-
lingual mismatch in vowel categories leads to vowel
confusions.
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Based on these findings, we can see that cross-lingual
vowel recognition remains a challenge, even in the case of a
trilingual corpus with three geographically and typologically
close languages with similar vowel systems. Nevertheless,
we also see that converting vowels into a shared set of
formant-based vowel categories can lead to higher recogni-
tion rates. Therefore, we propose that future research efforts
on formant-based cross-lingual vowel recognition include a
larger and more diverse set of languages, use a single shared
set of cardinal vowel categories for all languages, and evalu-
ate the resulting transcripts and models in downstream
applications, such as ASR or speech synthesis. To deal with
the added linguistic diversity, future studies could address
additional segmental and suprasegmental features, such as
diphthongization, prosodic prominence, and tone, for exam-
ple, by including temporal formant analysis, vocal intensity,
and fundamental frequency. In particular, including the third
and possibly higher formants in the analysis could poten-
tially eliminate the need to perform separate categorizations
of rounded and unrounded vowels.
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"For example, Danish /a/ (Grgnnum, 1998) vs Bosnian-Croatian-
Montenegrin-Serbian (BCMS) /a/ (Landau et al., 1995).

2For example, Danish /e, €, a/ (Grgnnum, 1998) vs BCMS /e/ (Landau
etal., 1995).

The spoken variety of the capital region has a weaker status in Norwegian
compared to its counterparts in Denmark and Sweden. This is a result of
historical circumstances, as well as strong social policies in favor of dia-
lect use and preservation (Gooskens, 2020).

“Local dialects that significantly differ from the standards still exist,
mostly in peripheral areas, e.g. South Jutland and the island of Bornholm
in Denmark (Pedersen, 2003), and Jamtland and the island of Gotland in
Sweden (Riad, 2014, p. 9).

5The metadata actually includes two fields regarding speakers’ regional
background: Region of Birth and Region of Youth. The majority of speak-
ers have the same region in both fields. In instances where the two fields
differ, we assume Region of Youth to be more indicative of a speaker’s
native regional dialect even though in reality it might not always be the
case.
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®The original recipe was created for the Danish NST subcorpus and can be
found here:  https://github.com/kaldi-asr/kaldi/blob/master/egs/sprak
banken/s5/run.sh.

7 In Danish, [b, d, g] are commonly realized as voiceless unaspirated stops
(Grgnnum, 1998).
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