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Abstract
State-of-the-art performance for Automatic Speech Recognition (ASR) largely depends on the availability of
large-scale labeled corpora. This creates a demand for increased data collection efforts, particularly for under-
represented languages and dialectal varieties. Due to having considerably fewer speakers (around 11 million),
European Portuguese (EP) is overshadowed by Brazilian Portuguese (BP) (around 200 million speakers) in currently
available large-scale speech data resources, resulting in under-performing speech-based systems for EP users. To
address this gap, and following similar data collection efforts for other languages, we present FalAR, a large-scale,
speaker-annotated speech corpus of European Portuguese parliamentary sessions. Spanning approximately 20
years, FalAR comprises 5,800 hours of speech data. In addition, 4,850 hours have speaker identity annotations, for
a total of 1,180 speakers with associated metadata including age, gender, political affiliation, and parliamentary
role. The corpus was built using a state-of-the-art EP CAMÕES ASR model for transcription-reference alignment.
In this paper, we describe the data collection process, together with the main characteristics of the FalAR corpus.
Furthermore, we evaluate the trade-off between data quantity and alignment accuracy on ASR performance, with our
experiments demonstrating that incorporating FalAR as pre-training data yields up to 14% relative WER improvement
over baseline models.
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1. Introduction

Recent advances in Automatic Speech Recogni-
tion (ASR) have been driven by a combination
of architectural innovations (Dong et al., 2018;
Karita et al., 2019; Gulati et al., 2020; Kim et al.,
2023; Rekesh et al., 2023), increased computa-
tional power, and the growing availability of large-
scale labeled speech corpora (Chan et al., 2021;
Radford et al., 2023; Kang et al., 2024; Peng et al.,
2025). However, this trend inherently benefits ma-
jority languages or those with abundant online re-
sources, while disadvantaging those with limited
data (i.e., low-resource languages) (Chen et al.,
2024). Furthermore, even among seemingly high-
resource languages, certain dialects or regional
varieties may remain under-represented. Varieties
can differ substantially in pronunciation and vocab-
ulary, causing models trained on the dominant va-
riety to underperform when applied to others.

An example of this asymmetry can be found be-
tween European Portuguese (EP) and Brazilian
Portuguese (BP), which are rarely differentiated in
currently available speech databases, and are often
treated as a completely homogeneous language.
Therefore, speech recognition systems trained on
large-scale web-scraped Portuguese data predom-
inantly observe BP speech due to its substantially
larger speaker base – approximately 197 million
out of a total of 240 million Portuguese speakers

– causing these models to perform suboptimally
when applied to EP or other Portuguese varieties
(Carvalho et al., 2025). A plausible explanation for
this suboptimal performance lies in the phonetic,
prosodic, syntactic and phonological differences
between the two varieties. One of the most striking
differences between BP and EP concerns vowel
reduction, which is much more extreme in EP than
in BP, but there are also notable differences at the
syntactic and lexical levels (Mateus and d’Andrade,
2000; Rouas et al., 2008; Abad et al., 2009).

Even though EP has a much smaller speaker
base than BP, it is nonetheless the native variety
of around 11 million speakers. Ensuring fair and
equitable access to speech technologies by EP
speakers therefore demands the collection of large-
scale resources for this variety. Historically, labeled
resources for EP have been limited in scale, with
the largest datasets falling short of 100 hours of
speech data (Neto et al., 1997; Trancoso et al.,
2003; Hagen and Neto, 2003). To date, one of the
largest reported combinations of transcribed EP
datasets corresponds to the training data of the
CAMÕES models (Carvalho et al., 2025), amount-
ing to only 425 hours of speech.

In this work, we leverage publicly available, man-
ually annotated recordings of parliamentary ses-
sions of the Portuguese parliament1 to address

1https://www.parlamento.pt

https://www.parlamento.pt
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this shortage. Specifically, we introduce FalAR,2,3
a large-scale, speaker-annotated speech corpus
containing 5,800 hours of transcription-reference
aligned speech that spans approximately 20 years
of parliamentary sessions of the Portuguese par-
liament. Alongside speech recordings and tran-
scriptions, FalAR also includes detailed speaker
identity and associated metadata, including age,
gender, political affiliation and parliamentary role
for 1,180 unique speakers, corresponding to more
than 4,850 hours of speech.

We consider our work to be complimentary to
the recently published EuroSpeech corpus (Pfis-
terer et al., 2025), which compiles speech data
from 22 European parliaments, including the Por-
tuguese parliament. The scale of EuroSpeech re-
quired its authors to apply a generic approach when
collecting and annotating the data from each parlia-
ment, whereas our collection focused solely on
the Portuguese parliament. This allowed us to
annotate speaker identities and include speaker
metadata, which EuroSpeech is lacking (resulting
in speaker-dependent partitions), and to use the
state-of-the-art EP ASR models of CAMÕES to gen-
erate pseudo-transcriptions for alignment, resulting
in a larger and higher quality corpus.

In addition, we conduct a series of experiments
that evaluate the performance of FalAR subsets
with progressively higher alignment error rates, to
analyze the trade-offs between data size and align-
ment accuracy, and their impact on training down-
stream ASR models for EP. When evaluated on
the out-of-domain CAMÕES benchmark, perfor-
mance of out-of-domain models trained with FalAR
improves steadily as the amount of data – and cor-
respondingly, the alignment error rate – increases,
with results approaching the performance of base-
line models trained with in-domain data. Moreover,
employing FalAR as pre-training data prior to fine-
tuning with in-domain speech allows for relative im-
provements of up to 14% WER compared to models
trained from scratch.

Overall, the main contributions of this work are
the following:

• We introduce FalAR, a large-scale, speaker-
annotated speech corpus with 5,800 hours
of aligned speech to address the shortage of
speech resources for European Portuguese.

• We collect speaker identity and metadata, in-
cluding age, gender, political affiliation and
parliamentary role, for 4,850 hours of speech

2The full corpus is available at https:
//huggingface.co/datasets/inesc-id/FalAR.

3In Portuguese, "falar" means "to speak"; AR is the
acronym of "Assembleia da República", the official name
of the Portuguese parliament.

corresponding to 1,180 unique speakers, with
longitudinal data spanning up to 20 years.

• We conduct several experiments to assess the
trade-offs between data size and alignment ac-
curacy, with our best models presenting a 14%
WER relative improvement over our domain-
specific baseline.

The paper is organized as follows: Section 2
presents the relevant related work; Section 3 de-
scribes the data collection effort and the FalAR
corpus; Sections 4 and 5 detail this paper’s ex-
periments and results; finally, Section 6 presents
conclusions and plans for future work.

2. Related Work

The development of speech resources for EP has
always been closely linked to the development of
EP ASR systems, as evidenced by early exam-
ples of data collection efforts for EP speech tech-
nologies. For instance, BD-PUBLICO (Neto et al.,
1997), a corpus of 25 hours of read newspaper
articles was collected to be used as the training
data of an early large vocabulary hybrid Hidden
Markov Model (HMM)/Deep Neural Network (DNN)
system (Neto et al., 1998). Similarly, the EP portion
of SpeechDat (Hagen and Neto, 2003), compris-
ing 81 hours of narrow-band telephone speech,
was collected as a part of an European-level col-
lection of spoken language resources (Hoge et al.,
1997) for the development of speech-based tech-
nologies. Likewise, ALERT (Trancoso et al., 2003),
a broadcast news corpus comprising 74 hours of
speech, was collected for and used to train the
hybrid HMM/DNN AUDIMUS system, developed
to automatically transcribe broadcast news in EP
(Meinedo et al., 2001; Neto et al., 2008).

As ASR architectures became more data-
demanding, research and development efforts
in Portuguese progressively shifted towards BP,
favoured by the availability of more extensive
datasets resulting from its considerably larger
speaker population (Alencar and Alcaim, 2008;
Candido Junior et al., 2023; Lima et al., 2025;
Evaldo Leal et al., 2025).

Contrarily, efforts for EP ASR became increas-
ingly reliant on combinations of multiple datasets
and small manually identified EP subsets of larger
Portuguese corpora. For instance Carvalho (2021);
Carvalho and Abad (2021) combined data from
BD-PÚBLICO, ALERT and SpeechDat, amount-
ing to close to 150 hours to train the first end-to-
end Connectionist-Temporal-Classification (CTC)-
Attention ASR model for EP. Campinho (2021) cu-
rated a similar amount of EP data (150 hours), lever-
aging 2 hours of manually identified EP speech
from Common Voice (Ardila et al., 2020), 70

https://huggingface.co/datasets/inesc-id/FalAR
https://huggingface.co/datasets/inesc-id/FalAR
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hours from an in-house corpus sourced from the
Portuguese RTP channel and 80 hours of Fala
Bracarense (Centro de Estudos Humanísticos, Uni-
versidade do Minho, 2009), a corpus of socio-
linguistic interviews, built for the study of the re-
gional accent of the Braga region in Portugal.
Mourão de Sá (2021) collected a total of 54 hours of
EP speech, using around 33 hours from Europarl-
ST (Iranzo-Sánchez et al., 2020) (a speech trans-
lation corpus of recordings from the European Par-
liament), and 21 hours from Multilingual-TEDx (a
corpus of TEDx talks).

However, the models resulting from the afore-
mentioned collection efforts were consistently out-
performed by baseline hybrid HMM/DNN systems
trained using the same data, evidencing the impact
that the lack of resources has had in the develop-
ment of end-to-end ASR systems for EP.

More recently, Carvalho et al. (2025) introduced
CAMÕES,4 an ASR framework for EP. It consists
of an evaluation benchmark with 46 hours of EP
data and a collection of state-of-the-art ASR mod-
els trained/fine-tuned with 425 hours of EP speech,
compiled from a mix of proprietary corpora and
publicly available sources, spanning multiple do-
mains and demographic groups. This work was the
first successful attempt to achieve EP results on
par with the state-of-the-art for BP with end-to-end
systems.

Portuguese speech subsets are also present in
several well-known large-scale multilingual corpora.
However, in most cases, the BP and EP are not
differentiated. More importantly, BP is significantly
more prevalent in these corpora. Corpora com-
prising EP speech include the above-mentioned
CommonVoice (Ardila et al., 2020), with close to 2
hours of EP, Multilingual LibriSpeech (MLS) (Pratap
et al., 2020), with around 56h of EP speech, and
MuAViC (Anwar et al., 2023), reaching close to
20 hours of EP.5 The YODAS dataset (Li et al.,
2023; Peng et al., 2025) and the MOSEL collec-
tion (Gaido et al., 2024) include over 20,000h of
Portuguese speech, sourced predominantly from
YouTube, with a large proportion unlabeled or au-
tomatically labeled. However, the actual proportion
of EP speech is unknown.

An increasingly common approach for creating
large-scale speech and text resources has been the
collection of recordings of parliamentary debates,
which are often publicly available and accompanied
by high-quality – although not always fully-verbatim
– transcripts.

Examples of text-only resources include Par-
laMint (Erjavec et al., 2023), a corpus of transcripts

4https://huggingface.co/datasets/
inesc-id/camoes_asr

5EP hours were determined by manual inspection and
annotation.

of parliamentary proceedings of 26 national Euro-
pean parliaments, and Europarl (Koehn, 2005), a
translation corpus that includes parallel text from
the European Parliament in 11 languages. Textual
corpora from the Portuguese parliament have al-
ready been released in PTPARL-D (Almeida et al.,
2021) and ParlaMint-PT (Aires et al., 2024), with
transcriptions of debates spanning 1976 to 2019
and 2005 to 2019, respectively.

In addition, there is a growing number of speech
corpora compiled from parliamentary data. These
include large-scale corpora, such as Europarl-ASR
(Garcés Díaz-Munío et al., 2021) for English as well
as corpora for under-represented languages such
as Danish (Kirkedal et al., 2020), Catalan (Kulebi
et al., 2022), Norwegian (Solberg and Ortiz, 2022),
Croatian, Polish, and Serbian (Ljubešić et al.,
2024).

To date, the multilingual VoxPopuli corpus, which
contains recordings from the European Parlia-
ment representing all languages in the European
Union, is the largest available resource for EP, with
17.5k hours of unlabeled EP speech that can be
used for self-supervised learning (SSL)-based pre-
training (Mohamed et al., 2022; Zhang et al., 2023).
Nevertheless, achieving robust performance in
downstream tasks still requires labeled data that
span a wide range of speech domains, age groups,
and other relevant speech factors.

More recently, the EuroSpeech corpus (Pfisterer
et al., 2025) has released over 78k hours of labeled
speech from 22 European national parliaments, in-
cluding around 5,100 hours from the Portuguese
parliament. Our work complements this work by
focusing specifically on the collection of European
Portuguese parliamentary speech. The use of the
CAMÕES state-of-the-art ASR model allowed us
to generate pseudo-transcripts for the alignment
of speech and the parliamentary proceedings tran-
scripts, resulting in higher quality annotations. Fur-
thermore, we include manually verified speaker
identity annotations and speaker metadata, infor-
mation that is lacking from the EuroSpeech, making
its train/dev/test partitions speaker-dependent.

3. FalAR

The main objective of this work is to build a large-
scale speech corpus for EP, leveraging the publicly
available video recordings of Portuguese parlia-
mentary meetings and corresponding manual tran-
scriptions.

To achieve this, we collected the recordings, ex-
tracted and segmented the audio signals, and gen-
erated automatic transcriptions. These transcrip-
tions were then aligned with the reference texts to
determine the text segments corresponding to each
utterance, which served as the ground-truth labels.

https://huggingface.co/datasets/inesc-id/camoes_asr
https://huggingface.co/datasets/inesc-id/camoes_asr
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Figure 1: FalAR data collection and processing pipeline.

For each utterance, we further identified a candi-
date speaker and matched them to the recording’s
metadata to obtain reliable speaker labels. Finally,
for every identified speaker, we manually annotated
gender and date of birth (when this information was
available online). The full data collection and pro-
cessing pipeline is represented in Figure 1.

The remainder of this section provides detailed
description of the data collection, alignment, and
annotation processes, as well as an overview of
the resulting corpus.

3.1. Data collection
Since 2005, the Portuguese parliament has made
its plenary sessions publicly accessible through its
Audio-Visual Archive (AVA),6 which contains com-
plete session recordings as well as shorter clips
of individual interventions. This archive is comple-
mented by "Diário da Assembleia da República"
(DAR)7 – the official gazette of the Portuguese par-
liament – which provides detailed session sum-
maries and full transcriptions (although not nec-
essarily verbatim) of all interventions from each
parliamentary meeting.

To construct our corpus, we first identified all
available legislatures, legislative sessions, parlia-
mentary meetings and individual interventions, and
compiled a list of intervention video URLs. In par-
allel, we compiled a list of URLs for the DARs cor-
responding to each parliamentary meeting. This
semi-automatic process resulted in the identifica-
tion and successful download of 104,031 video
interventions, along with their associated metadata
(including speaker name, political affiliation, topic
of intervention and parliamentary role) in HTML for-
mat, covering 2,041 parliamentary sessions over

6https://av.parlamento.pt
7https://debates.parlamento.pt/

the last 20 years. For each of these sessions, we
also retrieved the corresponding DARs, which in-
clude session summaries and full transcriptions of
all interventions.

3.2. Data pre-processing

3.2.1. Audio

Audio was extracted from all downloaded videos,
converted to 16-bit PCM format, and downsampled
to 16 kHz. Each audio file was segmented into utter-
ances of up to 30 seconds, using Pyannote’s Voice
Activity Detection (VAD) system (Bredin, 2023).
Subsequently, each segment was transcribed us-
ing CAMÕES’s WhisperLv3-X8.

3.2.2. Text

The downloaded DARs in HTML format were con-
verted into plain text files, and each file underwent
a semi-automatic filtering process to produce text
files containing only the relevant content of speaker
interventions (i.e., any spoken utterance by a partic-
ipant during a parliamentary session that has been
transcribed).

Following this initial pre-processing stage, the
next step involved identifying the beginning of each
intervention, indicated by the pattern: "{speaker
name}({affiliation}): - ". Detecting this pattern en-
abled the extraction of the text between successive
occurrences and its subsequent assignment to a
candidate speaker, a necessary step to ensure cor-
rect speaker attribution.

However, manual inspection of initial groupings
identified several cases in which speakers were

8https://huggingface.co/inesc-id/
WhisperLv3-EP-X a version of Whisper (Rad-
ford et al., 2023) fine-tuned on 425 hours of EP
speech (Carvalho et al., 2025).

https://av.parlamento.pt
https://debates.parlamento.pt/
https://huggingface.co/inesc-id/WhisperLv3-EP-X
https://huggingface.co/inesc-id/WhisperLv3-EP-X
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designated by "O(A) Orador(a)" (i.e., the speaker),
a short-hand notation in DAR to indicate the main
speaker of an intervention, when that speaker has
been interrupted by another representative. To
correctly identify as many speakers as possible,
we added a heuristic rule whereby, if the speaker
is identified as "O(A) Orador(a)", the next-to-last
speaker not labeled as "O(A) Orador(a)" is selected
as the candidate speaker.

3.3. Transcription-reference alignment
After pre-processing the audio and text data, we
aligned the automatic transcriptions with the refer-
ence DAR texts. To accomplish this, we used the
Smith-Waterman algorithm (Smith and Waterman,
1981), which performs local sequence alignment
by identifying the contiguous region within each
reference text that most closely corresponds to a
given transcription segment, accounting for partial
matches and gaps.

To preserve speaker candidate information, each
segment was aligned with portions of the reference
text grouped by candidate speaker. For each seg-
ment, the aligned reference segment (and corre-
sponding speaker) with the lowest Character Error
Rate (CER) relative to the automatic segment tran-
scription was selected as the gold-standard label.
This is done for two reasons: first, we consider that
the segment from the reference text has a higher
likelihood of being the true text; and second, select-
ing the reference text as the gold-standard label
allows us to keep punctuation and capitalization,
something that the automatically generated tran-
scriptions do not contain.

3.4. Speaker annotation
The process described in the previous section re-
sulted in the identification of 3,055 candidate speak-
ers. Each speaker name was manually inspected
to remove duplicate names due to typos, annotation
errors and formatting issues. In addition, a number
of speakers were identified only by their office (e.g.,
"minister", or "secretary of state"), in which case,
they were annotated with the true speaker’s name.
This process resulted in 1,200 identified candidate
speakers.

To minimize potential errors caused by alignment
or formatting issues, we only considered as cor-
rect, candidate speakers whose names matched
the speaker name contained in the videos’ meta-
data. It is important to note that this decision is
particularly strict, since a large majority of videos
contain interventions from more than one speaker,
often including not only the speaker annotated in
the video’s metadata, but also a short intervention
by the president of the parliament giving the floor
to the speaker. Consequently, a large number of

such interventions were left as non-verified speak-
ers, i.e., stored without speaker annotation and left
out of the speaker-independent partitions.

Following this stage, we proceeded to annotate
each speaker with gender and date of birth, using
online resources. Out of the total 1,200 speakers,
we were able to annotate the dates of birth (or, in a
small number of cases, the year of birth) of 1,180
speakers. All identified speakers were annotated
with gender information.

To protect the privacy of the speakers present in
this corpus to the best of our ability, we only provide
numeric speaker identifiers, and omit the speaker’s
names. Moreover, we provide age annotations at
the utterance level, instead of the speakers’ dates
of birth.

3.5. Corpus description

The processes outlined in the previous sections
yielded a corpus comprising 5,799 hours of tran-
scribed speech data, of which 4,852 hours are an-
notated with speaker age and gender information,
as summarized in Table 1.

For each audio utterance, we provide (1) the
reference segment transcript obtained with the
Smith-Waterman alignment algorithm, (2) the au-
tomatic transcription generated using CAMÕES’s
WhisperLv3-X, (3) the CER between the two tran-
scriptions, (4) the date of recording, (5) speaker id,
(6) speaker gender, (7) speaker age, (8) speaker
political affiliation, (9) speaker role – e.g. Pres-
idente da República (President of the Republic),
Deputado (Member of parliament) –, and (10) inter-
vention topic.

Table 1 also reports the size of the corpus
across varying CER thresholds, obtained for the
transcription-reference alignments. Lower CER
thresholds indicate higher confidence in the accu-
racy of the aligned DAR transcription.

The subset of the corpus containing speaker-
level information includes 1,200 unique speakers,
all of which have been annotated with gender infor-
mation, while only 1,180 have been annotated with
age information. Approximately 70% of the speak-
ers are male, while the remaining 30% are female.
The speakers’ ages range from 20 to 79 years, with
a predominantly middle-aged population. Each
speaker contributes an average of four hours of
speech. About 70% of the speakers appear in
recordings spanning up to five years, while approx-
imately 3.5% of the speakers have recordings that
extend over a period of 16 to 20 years. More de-
tailed information regarding the demographic distri-
bution of the corpus is presented in Figure 2.

Besides making the entire dataset available
(FalAR_Full.csv in Fig. 1), we also provide stan-
dardized speaker-independent train, development
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All data Data with speaker age and gender information
Duration Word tokens Duration (hours) Speaker count Word Tokens

CER (hours) (millions) Total M F Total M F (millions)
<5% 1,503 13 1,366 923 443 1,159 772 387 12
<10% 2,598 23 2,370 1,621 749 1,173 783 390 21
<15% 3,422 31 3,122 2,153 969 1,177 787 390 28
<20% 4,026 36 3,664 2,539 1,125 1,178 788 390 33
Total 5,799 52 4,852 3,399 1,453 1,180 790 390 44

Table 1: Dataset description, as a function of the CER threshold. M and F refer to male and female.

M

70.0%

F

30.0%

(a) Gender

20-29

30-39

40-49

50-59

60-6970-79

2.7%
23.0%

33.5%

28.8%

10.6%
1.3%

(b) Age

0-1

2-5

6-10

11-15
16-20

33.1%

37.4%

17.4%

8.5%
3.5%

(c) Longitudinal intervals

Figure 2: FalAR demographic distribution.

and test splits for the subset of the corpus con-
taining speaker-level information, to promote repro-
ducible research with this corpus. These partitions
correspond to FalAR_train.csv, FalAR_dev.csv,
and FalAR_test.csv in Figure 1 and comprise
4662/1171, 40/12, and 34/17 (hours/speakers), re-
spectively. The speakers in each partition are ran-
domly and uniformly selected from the full set of
annotated speakers.

Note that the test set is exclusively comprised
of utterances with a maximum alignment CER of
5%, to privilege high-quality transcriptions. This
decision may make the test set less challenging,
since utterances with lower alignment error rates
may be inherently easier to transcribe, as they cor-
respond to sentences where the model used to
generate the transcriptions matched the reference
text more closely. Nevertheless, we consider ensur-
ing high-quality transcriptions in the test set to be
more important than creating a more challenging
but less reliable test set.

4. Experimental Setup

4.1. Data
To assess the impact of the proposed corpus on
the performance of ASR models for European Por-
tuguese, we conduct a series of experiments using
different data configurations.

First, to determine the impact that different align-
ment error rates have in downstream ASR sys-
tems, we prepare five subsets of FalAR to train
corresponding ASR models, as presented in Table
1, namely FalAR <{5,10,15,20}% CER and FalAR
<20% CER + WL (all denoted by FalAR<x% from
hereon). The latter corresponds to the full cor-
pus, where the labels for speech segments with
CER ≥ 20% correspond to the automatically gen-
erated transcripts (WL - weakly supervised), using
the assumption that these are more reliable than
the segments obtained by the alignment algorithm.
The data used in these five partitions is taken from
All data (cf. Table 1), for which speaker informa-
tion may not necessarily be available, to maximize
the quantity of data available. The models trained
with the aforementioned sets are all evaluated with
in-domain data, using FalAR’s test set (34.5h of
speech with CER < 5%).

To explore the out-of-domain performance of the
above-mentioned models, and to understand the
impact of using FalAR as a pre-training corpus,
followed by fine-tuning with data matching the eval-
uation domain, we used the corpus collected by the
authors of CAMÕES (Carvalho et al., 2025). This
dataset comprises over 470h of speech compiled
from a set of 18 corpora from multiple domains –
14 of these datasets are used for training and an-
other intersecting set of 14 datasets is used in the
test benchmark. The training set (denoted as EP-
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425) is 425 hours-long, whereas the test set is 46
hours-long, both comprising five domains, namely,
read speech (RS), broadcast news (BN), talks and
lectures (T/L), conversational speech (CS), and so-
ciolinguistic interviews (SI). An ASR model was ad-
ditionally trained using solely CAMÕES, to provide
a baseline with which to compare the FalAR-based
models to.

It is important to note that, since we are us-
ing the All data set for training, there may exist
some speaker overlap with the test partition for
non-speaker annotated samples. This is particu-
larly true for FalAR<20%+WL, where the difference
between the speaker annotated and non-speaker
annotated sets is close to 1,000 hours of speech.
This decision balanced the goal of understanding
the impact of larger-scale data on out-of-domain
performance against the computational cost of re-
running the full set of experiments with our own
speaker-independent partitions to better analyse
the same effects on in-domain parliamentary data.

4.2. Implementation
We used the ESPnet toolkit (Watanabe et al.,
2018) for the core implementation and evaluation
of our work. More specifically, we followed the
LibriSpeech 960 (Panayotov et al., 2015) recipe
in ESPnet for training, decoding, and evaluation.
All evaluated ASR models correspond to an E-
Branchformer (Kim et al., 2023) with 144M trainable
parameters, using 8x downsampling (Rekesh et al.,
2023) and Flash Attention (Dao et al., 2022) to im-
prove training and inference efficiency. The model’s
encoder comprises 17 layers, whereas the decoder
is a 6-layer Transformer, both adapted from the orig-
inal recipe. For the encoder module, we applied
Rotary Positional Embeddings (RoPE) (Su et al.,
2024). We also adopted a piecewise-linear learn-
ing rate schedule (Peng et al., 2024), gradually
increasing the learning rate from 2.0e-4 over the
initial 15k steps to 2.0e-3 over the next 20k steps.

The training of the models with the different
FalAR CER subsets in Table 1 was carried out
on a single NVIDIA H200 NVL GPU with 144GB of
memory, using 120M batch bins and 15 epochs, ex-
cept for FalAR<20% and FalAR<20%+WL models,
which were trained for only 10 epochs. Training
and fine-tuning of models with the CAMÕES cor-
pus was performed on a single NVIDIA RTX 6000
Ada generation GPU with 48GB of memory, using
14M batch bins and 35 epochs.

All models use the same text normalizer, based
on the standard procedures used by Whisper, re-
moving, among others, punctuation and capitaliza-
tion, and expanding common acronyms. Perfor-
mances are reported using WER (%). Utterances
shorter than 0.1 seconds or longer than 30 seconds
were excluded during training and fine-tuning.

5. Results

5.1. In-domain performance
Table 2 presents the in-domain results for the FalAR
test set together with the out-of-domain perfor-
mance on the CAMÕES benchmark, evaluated
across its five domains.

For the FalAR test set, we observe that per-
formance generally improves as the training data
size increases, with the largest gain and best
overall performance of 3.1% WER being caused
by the addition of the WL data (FalAR<20%+WL

set). However, the second best result of 4.2%
WER comes from the FalAR<5% set, worsening
to 6.7% when the FalAR<10% set is used, and
only then steadily dropping. These results for
in-domain data suggest advantages of using ei-
ther smaller training sets with high-quality align-
ments (FalAR<5%) or very large training sets, even
with a lower quality (FalAR<20%+WL), compared
to medium-sized training sets with intermediate
transcription-reference alignment error levels. How-
ever, it is also possible that there exists a larger
speaker overlap between the training and test data
for the FalAR<20%+WL subset that explains the
strong performance of this model.

5.2. Out-of-domain performance
From the high-quality but smaller FalAR<5% train-
ing set, to the larger FalAR<20%+WL set, the aver-
age out-of-domain performance on CAMÕES im-
proves from 31.1% to 24.4% WER. This proves that
increasing the size of the FalAR training dataset
allows the model to generalise better, even with a
larger prevalence of transcription errors. Particu-
larly, we observe that the addition of the WL data
(∼1800 additional hours) strongly contributes to
the improvement of the out-of-domain performance
of the model. When trained with this data, the
model starts to become competitive with the base-
line model trained with the CAMÕES EP-425 set,
achieving comparable or even stronger results in
the T/L and CS domains. We hypothesize that sen-
tences with higher alignment errors are harder for
ASR models to transcribe than those with low align-
ment error rates due to worse and/or more varied
acoustic conditions. Therefore, even though their
transcriptions contain more errors, including these
utterances in training helps the model generalize
better to other domains.

5.3. Fine-tuned performance
The results obtained after fine-tuning the pre-
trained models using 425 hours of speech data
from the CAMÕES framework (EP-425) are pre-
sented in the lower half of Table 2.
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Pre-training data Fine-tuning data FalAR CAMÕES
RS BN T/L CS SI Avg.

EP -425 – 15.5 12.8 8.00 21.2 22.1 39.1 20.6
FalAR<5% – 4.2 25.8 13.6 27.5 28.5 60.2 31.1
FalAR<10% – 6.7 25.5 13.5 28.6 30.1 61.3 31.8
FalAR<15% – 5.0 24.6 12.2 25.5 26.3 57.0 29.1
FalAR<20% – 5.1 24.1 12.4 26.3 27.2 58.4 29.7
FalAR<20%+WL – 3.1 19.0 9.9 20.9 22.2 50.0 24.4
FalAR<5% EP -425 13.9 11.1 7.8 20.5 20.0 37.3 19.3
FalAR<10% EP -425 13.2 10.5 6.8 19.3 19.5 36.0 18.4
FalAR<15% EP -425 12.8 9.4 6.6 18.2 18.8 35.7 17.7
FalAR<20% EP -425 13.5 9.6 6.7 19.6 19.9 37.2 18.6
FalAR<20%+WL EP -425 11.7 9.9 6.7 18.2 18.5 35.2 17.7

Table 2: WER (%) on FalAR test set and CAMÕES benchmark.

As anticipated, fine-tuning markedly improves
performance on the CAMÕES benchmark rela-
tive to the out-of-domain condition. Furthermore,
all models incorporating pre-training show supe-
rior performance compared to the baseline model
trained solely on EP-425, even though the pre-
training data domain is highly specific (parliamen-
tary speech) and differs substantially from those
represented in the CAMÕES benchmark.

Up to the 15% CER threshold (FalAR<15% set),
larger amounts of pre-training data lead to better
performance, with the best average result present-
ing a relative improvement of 14% w.r.t. to the
baseline model. However, beyond this point, model
performance first degrades, and then stabilizes with
the addition of the WL data. This is opposed to what
was observed when evaluating the same models
in the out-of-domain setting. This may indicate
that there is a maximum amount of pre-training
data from the same domain from which models
are able to benefit when fine-tuned for downstream
domains. Alternately, as the model size remained
fixed as we increased the amount of training data,
the model pre-trained with FalAR<20%+WL may
simply not have the capacity to retain enough infor-
mation about its additional pre-training data for it to
still be beneficial after fine-tuning. The fact that the
fine-tuned models’ performance on FalAR’s test set
is markedly worse than the pre-trained models’ per-
formance on this data may provide evidence to this
argument. Therefore, these results demand further
experimentation to ascertain the exact causes of
the reported performance.

6. Conclusions

This work introduces FalAR, to the best of our
knowledge, the largest publicly available annotated
European Portuguese speech corpus, totalling
5,800 hours of parliamentary speech data. Our

results show that using FalAR as pre-training data
followed by in-domain fine-tuning improves ASR
performance across all domains of the CAMÕES
benchmark when compared to a strictly in-domain
baseline model.

Although we provide standardized speaker-
independent partitions together with this corpus, we
do not provide results for the speaker-independent
setup. We aim to address this in future work.

Furthermore, the proposed large-scale corpus
offers two key advantages. First, it is expandable,
as new recordings and corresponding transcripts
from Portuguese parliamentary sessions are re-
leased continuously. Second, this corpus contains
rich speaker metadata, including speaker identity,
age, gender, and party affiliation, for 4,850 hours of
speech from 1,180 speakers. These annotations
do not only allow fair and controlled data splits for
model development, but also longitudinal studies of
speech and speaker traits spanning two decades.
This dataset may thus serve as a valuable resource
for research on ageing, charisma and other be-
havioural attributes, political science and possibly
a wide range of unforeseen applications.

Future improvements to the FalAR corpus may
also focus on providing baseline results for speaker
recognition, punctuated and capitalized ASR mod-
els, improving high alignment CER transcriptions
through weakly supervised methods, improving
speaker labels through automatic speaker recogni-
tion, and releasing video data to support broader
multimodal research. In a multimodal format,
this resource could also potentially be turned
into a searchable archive of parliamentary ses-
sions (Hansen et al., 2005).
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7. Ethical considerations and
limitations

The source data that we curated and analysed to
compile FalAR was obtained from publicly available
open data resources (see Section 3.1).

In releasing the accompanying metadata, we
deliberately omit personally identifiable informa-
tion such as speaker names and dates of birth,
and instead provide anonymised speaker identi-
fiers and age information. Nevertheless, it must be
acknowledged that, even if discarding biometric re-
identification, complete anonymisation cannot be
guaranteed, as re-identification is still possible by
cross-referencing the provided metadata with pub-
licly accessible information in the Portuguese Par-
liament website. A further limitation of the data cu-
ration process rises from the extraction of speaker
identifiers from PDF documents, which were fre-
quently inconsistently formatted. These inconsis-
tencies occasionally led to incomplete metadata
entries.

Finally, another limitation concerns the absence
of punctuation marks in the automatically gener-
ated transcriptions, which may affect the quality of
the alignment between the transcriptions and the
reference texts. Nevertheless, the aligned refer-
ence transcriptions retain punctuation, offering an
advantage for future research based on this corpus.
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