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Abstract
Automatic speech recognition (ASR) of speech signals with
code-switching (an abrupt language change common in bilin-
gual communities) typically requires spoken language recogni-
tion to get single-language segments. In this paper, we present
a fully bilingual ASR system for Basque and Spanish which
does not require such segmentation but naturally deals with both
languages using a single set of acoustic units and a single (ag-
gregated) language model. We also present the Basque Parlia-
ment Database (BPDB) used for the experiments in this work.
A semisupervised method is applied, which starts by training
baseline acoustic models on small acoustic datasets in Basque
and Spanish. These models are then used to perform phone
recognition on the BPDB training set, for which only approx-
imate transcriptions are available. A similarity score derived
from the alignment of the nominal and recognized phonetic
sequences is used to rank a set of training segments. Acous-
tic models are updated with those BPDB training segments for
which the similarity score exceeds a heuristically fixed thresh-
old. Using the updated models, Word Error Rate (WER) re-
duced from 16.46 to 6.99 on the validation set, and from 15.06
to 5.16 on the test set, meaning 57.5% and 65.74% relative
WER reductions over baseline models, respectively.

Index Terms: Automatic Speech Recognition, Multilingual
Speech, Semisupervised Learning, Spoken Language Re-
sources

1. Introduction
In bilingual communities, sometimes speakers start with one
language and then, at some point, switch to the other language
just for one word or phrase or maybe for longer. Then they
might switch back again, and repeat this cycle a number of
times. This phenomenon is known as code switching [1] and
must be handled by Automatic Speech Recognition (ASR) sys-
tems so that adequate acoustic and language models are applied
[2–4]. Commonly, each language requires a specific ASR sys-
tem with its own phonetic, phonological, lexical and syntactic
constraints. This means that language detection and segmenta-
tion (that is, language diarization) should de performed on code
switched speech before applying an ASR system [5–7]. This
language identification and segmentation process adds com-
plexity and computational cost, and may introduce unrecov-
erable ASR errors when language detection fails. Current ef-
forts are being devoted to integrate code-switching detection
and ASR within end-to-end deep learning approaches [8–10].
In the last years, the interest in code-switching has increased
for certain language pairs, especially English-Mandarin, with
international evaluations [11] and open datasets [12].

In this work, we deal with a language pair of relatively low
interest (Basque-Spanish) but some common features of Basque
and the variety of Spanish spoken in the Basque Country allow
us to explore a much simpler alternative. A single set of models
is used, able to process speech in both languages so that a code
switched transcription would be naturally output. Our proposal
consists of using a single set of acoustic models, a single vo-
cabulary (including words in both languages, sometimes with
the same transcriptions but different pronunciations, sometimes
with different transcriptions but the same pronunciations) and a
single language model, which should allow for code switchings
at any point.

A positive side effect of this integrated approach is that
sharing acoustic models can alleviate the lack of annotated spo-
ken resources for one of the languages, by taking advantage of
the resources available for the other. This will hopefully in-
crease the robustness of the ASR system for the low-resource
language, especially if the sets of acoustic units of the two lan-
guages are relatively close (as in the case of Basque and Span-
ish). On the negative side, having a single vocabulary may lead
to a higher number of errors, due to words being recognized in
the wrong language (those pronounced in the same way or very
closely in the two languages). Also, though the language model
will account for a large number of switching points, it may not
generalize well and have problems to identify code switchings
not seen in the training data.

We also address in this work the task of collecting train-
ing data from spoken resources with loose or inexact transcrip-
tions. That is the case of the Basque Parliament (BP) minutes,
which approximately reflect what was actually said in plenary
sessions: false starts, repetitions, filled pauses, syntactic errors
and other issues are either ignored or edited, so that the BP min-
utes can be easily read while respecting the intended meaning.
Note that this is not the case of completely untranscribed speech
on which most semi-supervised training approaches have been
focusing for more than two decades [13–20]. Those approaches
start from seed acoustic models, typically trained on a rela-
tively low amount of accurately transcribed non-target speech
and used to build an initial ASR system, which is applied to
transcribe a much larger amount of untranscribed speech, which
is the target domain of the ASR system. Typically, the most con-
fident fragments of the transcribed speech are selected (or other
more sophisticatd criteria are applied to select the speech mate-
rials) to train a second round of acoustic models which replace
the seed models. The same procedure is then iteratively applied
until some convergence criterion is met.

Here we adopt a similar approach but instead of a full ASR
system, we apply a phone recognizer and an in-house bilin-
gual grapheme-to-phoneme converter. Since nominal transcrip-
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tions are already available (the parliament minutes), we align
the nominal and the recognized transcriptions at the phone level
and select those segments that best match. In this way, a large
fraction of BP sessions can be leveraged for training acoustic
models. Besides increasing the amount of training materials
for our ASR system (which was initialized on generic speech
datasets in Basque and Spanish), adding BP segments to the
training set will help to improve ASR performance specifically
on BP sessions (due to an implicit adaptation to speakers, acous-
tic conditions, vocabulary, etc.), which was also an objective of
this work. In [21], the authors also targeted BP plenary sessions,
but adopted a different approach to leverage their speech con-
tents (e.g. they created two separate datasets, for Spanish and
Basque, on which two monolingual ASR systems were trained).

Finally, as a result of this work, we obtain a speech database
specifically targeted at BP sessions, consisting of the original
BP plenary sessions’ minutes in Spanish and Basque, along
with their translations, a large amount (more than 1000 hours)
of speech data for training acoustic models and two small
datasets (each 2 hours long), extracted from a BP sesion not
included in training, that were manually segmented and tran-
scribed and used as development (validation) and evaluation
(test) sets.

2. Dealing with bilingual resources
2.1. Acoustic units
Spanish and Basque phonetic units are not identical but over-
lap to a great extent, especially if we consider the standard
Basque spoken in urban environments where Spanish is dom-
inant. Therefore we decided to reduce and simplify the set of
acoustic units considered by our ASR system, loosely taking
into account their frequencies and their most common realiza-
tions. For instance, we collapsed three Basque africates (Ù,
ts’ and ts) into a single africate: the one existing in Spanish
(Ù). Similarly, the Basque fricatives s’ (as in zoroa) and S (as
in kaixo) were collapsed into the fricative s, existing in both
Basque and Spanish. On the other hand, we decided to keep the
Spanish fricative T (as in pazo and cero), which does not strictly
exist in Basque but it is sometimes used for proper names. The
reduced set of phonetic units is shown in Table 1, including the
original IPA units, their ASCII counterparts (which account for
the units actually used in this work) and examples in both lan-
guages. We ended up with a reduced set of 23 phonetic units.
An additional unit was also defined in our experiments to ac-
count for silences and other background (non-linguistic) events.

2.2. Lexical models
A bilingual rule- and dictionary-based grapheme-to-phoneme
(G2P) converter was developed and applied to get the phonetic
baseforms of words in Basque and Spanish, which were inte-
grated into a single lexicon. Numbers and ordinals are tran-
scribed either in Basque or in Spanish depending on the con-
text, using their most common realization, though sometimes
it might not match the actual pronunciation. For instance, the
phrase ’1.5 millones’ is transcribed as ’uno coma cinco mil-
lones’ while the speaker might have actually said ’uno punto
cinco millones’ or even ’un millón y medio’. By default,
acronyms are written in all-caps and assumed to be spelled, with
exceptions being listed in an acronym pronunciation dictionary.

2.3. Language model
A language model was built based on BP minutes and their
translations, after text normalization, which involves convert-

Table 1: Reduced set of phonetic units for Spanish and Basque
with examples. IPA units are shown as well as the simplified
ASCII encoding used in this work.

ExamplesIPA ASCII
Spanish Basque

i i pico ipar
u u duro umore
e e pero hemen
o o toro hori
a a valle kale
m m madre ama
n n nunca neska
ñ N año arraina
p p padre apeza

bolsa
b b vino begia

t t tomo etorri
d d dedo denda

casa
k k queso ekarri

kilo
g g gata gaia
f f fatal afaria

cero
T z pazo –

s s sala hasi
s’ s – zoroa
S s – kaixo
x j mujer ijito

rosar R torre arrunta

R r puro dirua
l l lejos lana
Ù X mucho txikia
ts’ X – atzo
ts X – mahatsa
c X – ttakun
L y caballo pilaka

hieloJ y cónyuge –

j y – joan
Í y – onddo

ing numbers and ordinals into their alphabetical counterparts,
putting all words (except for acronyms) in lower case, etc. It
must be noted that sentences were considered atomic units in
BP texts so that they would always feature a single language,
except for single words or short phrases that could be expressed
even in a third language like French or English. In any case,
since the language model is estimated from texts in Basque and
Spanish, it naturally allows a mix of both languages, including
code switching events not seen during training, because there is
always a small but positive probability that a word in Basque
comes after a word in Spanish (and viceversa).

3. Semisupervised data collection
For each BP plenary session, we have an audio file and the cor-
responding minutes, with an approximate transcription of the
audio contents. In fact, for ease of processing, the audio file is
manually split into two or three smaller chunks (each about 2
hours long) and the minutes are split accordingly. As a start-
ing point, a phone recognizer, trained on generic datasets for
Basque and Spanish (not including BP materials) is applied to
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the audio files (without any phonological restrictions), to get a
long sequence of phonetic units with their corresponding times-
tamps. On the other hand, the minutes are passed through the
above mentioned G2P converter to get a reference (nominal)
sequence of phonetic units. Finally, the recognized and refer-
ence sequences of phonetic units are aligned one with another
under the criterion of minimizing the number of errors (dele-
tions, insertions and substitutions), following the same text-to-
speech alignment method that has been succesfully applied in
our group for the alignment of subtitles [22–24].

Gaps (silences) longer than 0.5 seconds define potential
breaking points. Audio chunks between two breaking points
will be called segments. Data collection is performed by recur-
sively searching for the segment lasting between 3 and 10 sec-
onds with the highest phone recognition rate (PRR). When two
or more segments have the same (maximum) PRR, the longest
segment is chosen. Selecting a segment also means splitting the
audio chunk from which it was extracted into two new chunks,
which will be jointly but independently searched in subsequent
steps. The process iterates until no valid segment is left. In this
way, we end up with an ordered list of segments, ranked ac-
cording to the alignment error rate, so that at the top of the list
we could find segments for which the alignment error is zero,
meaning that the phone recognizer output matched the nominal
transcription provided by the minutes. The phone recognition
rate (%PRR) used as criterion is defined as:

%PRR = 100 · m

m+ d+ i+ s
(1)

where m, d, i and s are the number of matching units, dele-
tions, insertions and substitutions yielded by the alignment, re-
spectively.

Once the ranking is obtained, a new set of acoustic mod-
els can be trained by using only the top ranking segments, that
is, those segments for which the provided transcription best
matches the speech contents (%PRR being higher than a given
threshold). The resulting models can be then applied again to
perform phone recognition, get new alignments and hopefully
a better set of segments for training. This process could be re-
peated until ASR performance on a validation set did not im-
prove.

4. Experimental setup
The acoustic models for the initial phone recognizer were
trained on generic speech databases in Basque and Spanish:
CommonVoice (cv-corpus-5.1-2020-06-22) [25], OpenSLR
(SLR76) [26], Aditu [27] and Albayzin [28] (see Table 2). The
development and test sets of Aditu and Albayzin were used to
validate and evaluate phone recognition performance, respec-
tively. The training, development and test sets have durations of
332.21, 3.96 and 4.03 hours, respectively. Note, however, that
Spanish and Basque are highly imbalanced in the training set
(with a 3:1 ratio).

To build the phone recognizer, an off-the-shelf (close to
state-of-the-art) end-to-end neural network-based ASR system
is used: Facebook AI Research wav2letter++ (consolidated into
Flashlight), applying the Gated ConvNet recipe presented in
[29]. Note that the phone recognizer requires neither lexical
models nor a language model. For the semisupervised data
collection step, all the BP plenary sessions from 2014 to 2021
(amounting to more than 1117 hours) are used.

The ASR system is also based on wav2letter++. The acous-
tic models obtained in the semisupervised collection procedure
are used but in this case lexical and language models are also

Table 2: Databases used to train the acoustic models of the
initial phone recognizer (durations are expressed in hours).

Name Basque Spanish

CommonVoice 24.75 250.30
Aditu (train) 47.40 -
OpenSLR (SLR76) 5.66 -
Albayzin (train) - 4.10

Total (hours) 77.81 254.40

computed, based on the minutes (and their translations) of all
the BP plenary sessions from 2010 to 2021 (except for the ses-
sion used to extract the dev and eval data), which comprise more
than 33 million words and around 279000 different words. For
each word in the vocabulary, a single pronunciation baseform
was considered, as provided by our in-house G2P converter.
A trigram language model was computed using KenLM [30]
(without pruning), including 15.77 million trigrams. The de-
velopment and test datasets, each around 2 hours long, were
extracted from a single BP plenary session which took place
in April 2013 and were manually audited, segmented and tran-
scribed. The development dataset is used to measure the im-
provement of acoustic models during the semisupervised col-
lection procedure and to optimize the hyperparameters of the
ASR system, whereas the test set is used just to measure the
performance of the ASR system at the end of the process (not
for tuning).

Three wav2letter++ hyperparameters were found to be crit-
ically important for ASR performance: (1) lmweight: the lan-
guage model weight which is accumulated with the acoustic
model score; (2) wordscore: the score (penalty) added when ap-
pending a word to the output; and (3) silscore: the silence score
(penalty) added whenever a silence unit is appended to the out-
put. A random walk search of these hyperparameters was per-
formed around the default values to optimize ASR performance
on the development set. Then the optimal hyperparameters were
used when processing the test set.

5. Results
The first part of this work involved the training of baseline ac-
coustic models that were integrated in a bilingual phone rec-
ognizer for Basque and Spanish using wav2letter++ and the
datasets in Table 2, as a starting point for the semisupervised
data collection procedure. Table 3 shows the amount of speech
that would be collected by applying different thresholds to the
list of segments sorted according to their %PRR. By inspect-
ing these numbers, we determined that %PRR = 80 was a good
compromise between the amount of speech recovered and the
quality of reference transcriptions.

The initial (baseline) acoustic models were also used to run
word recognition experiments using the wav2letter++ ASR sys-
tem described in Section 4. Table 4 shows the Word Error Rate
(WER) and Letter Error Rate (LER) performance obtained by
the baseline models on the dev and test sets of the BP database,
disaggregated per language. Remind that wav2letter++ hyper-
parameters were optimized on the development set and then ap-
plied to the test set. Two important observations can be made
about the dev and test sets: (1) there are remarkably more seg-
ments (speech) in Spanish than in Basque (with roughly a 2:1
ratio), which is quite common in the BP plenary sessions; and
(2) while WER is almost the same for both languages in the test
set, it is much worse for Basque in the dev set, due to one of the
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Table 3: Amount of speech (in hours) accumulated by keeping
those segments with a %PRR ≥ Threshold.

Threshold Time (h)

100 186
95 490
90 745
85 902
80 1000
75 1054
70 1084
65 1100
60 1108

speakers being highly disfluent and introducing a lot of spon-
taneous speech events (filled pauses, incomplete words, false
starts, repetitions, etc.) which makes the task more difficult.
We are now auditing more materials to increase the size of the
dev and eval sets, which hopefully will reduce this kind of vari-
ability. Leaving this latter issue aside, the performance of the
baseline models is quite similar for both sets, and the hyperpa-
rameter tuning done on the dev set seems to work quite well
also for the test set. It is also quite remarkable that sharing the
acoustic models and using a single aggregated language model
seems to work equally fine for Basque and Spanish.

Table 4: WER and LER performance of the baseline acoustic
models (trained on generic speech datasets) on the dev and test
sets of the BP database.

Set Language #Segments WER LER

All 810 16.46 7.01
Dev Basque 280 20.25 7.58

Spanish 530 15.40 6.83

All 860 15.06 6.15
Test Basque 267 15.08 5.14

Spanish 593 15.08 6.43

The next step of the process consisted of using the speech
segments of the BP plenary sessions with %PRR ≥ 80, which
amount to more than 1000 hours, to train a new set of acous-
tic models. Note that the baseline acoustic models were trained
on around 332 hours obtained from different and heterogeneous
sources, which had nothing to do with BP sessions. Now we
are about to use 3 times more training data extracted from BP
sessions, under the same acoustic conditions and probably in-
cluding some of the speakers of the dev and test sets on which
we will evaluate ASR performance. This was, in fact, one of our
main objectives: taking advantage of the speech available from
BP sessions to improve the performance of our ASR system
when dealing with BP speech. Table 5 shows the WER and LER
performance obtained by the new acoustic models on the dev
and test sets of the BP database, disaggregated per language.
As may be expected, the improvement is huge, from 16.46% to
6.99% WER on the dev set and from 15.06% to 5.16% WER
on the test set (meaning 57.5% and 65.7% relative error reduc-
tions, respectively). The performance is remarkably worse for
Basque in terms of WER, even for the test set in this case. These
differences can be explained by two causes: (1) training mate-
rials for Spanish are about twice the size of training materials
for Basque; and (2) the dev and test sets are only 2 hour long
each, so small sample effects could be happening (as in the case
commented above).

Table 5: WER and LER performance on the dev and test sets of
the BP database, for acoustic models trained on 1000 hours of
BP speech obtained after one iteration of semisupervised vali-
dation.

Set Language #Segments WER LER

All 810 6.99 3.02
Dev Basque 280 10.98 4.02

Spanish 530 5.84 2.66

All 860 5.16 2.33
Test Basque 267 7.47 2.59

Spanish 593 4.68 2.26

In any case, it is remarkable the high ASR performance at-
tained in this task by a fully bilingual ASR system with a sin-
gle set of acoustic models and a single aggregated language
model, which allows to deal in a natural and computationally
efficient fashion with code switching events. The semisuper-
vised data validation procedure was applied a second time, and
the top ranking segments were used to estimate a second round
of acoustic models (with the same threshold of %PRR = 80),
but these second-round models did not outperform the ones
obtained in the first round. This might indicate that a single
round is enough to get reasonable good segments, or that fur-
ther research is needed to get WER reductions (using different
hyperparameters, thresholds, etc.). It is interesting to note the
high tolerance of wav2letter++ to inaccuracies in reference tran-
scriptions. When a segment with a low PRR (meaning that the
speech in that segment does not match the reference transcrip-
tion) enters the training set, neural networks learn to map the
acoustic observations of that segment to the reference text. This
means that, after training, the PRR for that segment will be-
come closer to 1, making us erroneously think that the reference
transcription of that segment matches its acoustic contents. On
the other hand, this behaviour helps to deal with spontaneous
speech events such as filled pauses, repetitions, false starts, etc.
which are common in conversational speech but do not appear
in reference transcriptions, and thus are never output by the
model.

6. Conclusions

In this paper, we have presented a fully bilingual ASR system
for Basque and Spanish and a semi-supervised data validation
procedure which leverages the speech and the minutes of ple-
nary sessions of the Basque Parliament to train domain-adapted
models, which lead to a remarkable improvement in perfor-
mance (65.7% relative WER reduction on the test set) with re-
gard to the baseline system. Further research is needed to check
whether the semi-supervised method can be effective in succes-
sive iterations. Also, a study should be carried out to determine
which threshold performs the best when selecting the highest
ranked segments for training.
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