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Abstract

Automatic Speech Recognition (ASR) systems
require large amounts of annotated speech,
which are difficult to obtain in specialized do-
mains. This paper introduces GARAGEM:
General Automotive Real and Artificial speech
corpus for Garage Environments and Mainte-
nance in brazilian portuguese, a domain spe-
cific ASR dataset for Brazilian Portuguese fo-
cused on automotive repair, combining real
speech collected from online sources with syn-
thetic speech generated from curated techni-
cal terminology. A reproducible methodol-
ogy is proposed, encompassing real data ac-
quisition, domain guided synthetic data gener-
ation, dataset consolidation, and ASR model
fine-tuning. Experiments conducted with the
Whisper, Wav2vec 2.0, and Conformer mod-
els show that synthetic data provides improve-
ments when used to complement real record-
ings. Quantitative and qualitative analyses
show reductions in Word Error Rate (WER)
and Character Error Rate (CER) and improved
recognition of domain specific terms absent
from the real training set. The results indicate
that domain guided synthetic speech is an effec-
tive data augmentation strategy for ASR adapta-
tion in specialized and low resource scenarios.

1 Introduction

Automatic Speech Recognition (ASR) is a central
task in natural language processing, enabling the
conversion of acoustic signals into textual represen-
tations (Kheddar et al., 2024). The development
of robust ASR systems depends on large volumes
of annotated speech that cover speaker variability,
acoustic conditions, and linguistic diversity (Yadav
and Sitaram, 2022; Stefanel Gris et al., 2022). This
requirement poses a major challenge in special-
ized domains, where labeled data is scarce, costly
to produce, and often insufficient to represent do-
main specific terminology and acoustic character-
istics (Bartelds et al., 2023). As a result, ASR per-
formance degrades in scenarios involving technical

vocabulary, non standard recording environments,
and domain specific speech patterns.

Several strategies aim to reduce the reliance on
large annotated corpora, including transfer learn-
ing (Tran et al., 2025), data augmentation (Rossen-
bach et al., 2019), and synthetic speech genera-
tion (Karl et al., 2024). Among these, synthetic
data produced by Text-to-Speech (TTS) systems
offers a scalable alternative for expanding training
material without manual annotation costs (Do et al.,
2024). Prior studies report performance gains when
synthetic and real data are combined (Zheng et al.,
2021). However, a portion of this literature relies
on simulated conditions, with limited investigation
of synthetic data grounded in real domain specific
content and acoustic contexts.

This work addresses this gap by focusing on a re-
alistic application scenario in which synthetic data
generation is explicitly guided by domain specific
linguistic and acoustic properties. Rather than re-
lying on generic corpora, the study integrates real
domain data to inform the creation of synthetic
speech, enabling a more faithful approximation of
real world usage conditions and a more reliable
assessment of its contribution to ASR adaptation.

The central hypothesis is that domain specific
synthetic speech, generated from curated terminol-
ogy and contextualized sentences, can effectively
support the adaptation of ASR models to special-
ized domains. By aligning lexical content, speak-
ing style, and acoustic variability with real domain
data, synthetic speech is expected to reduce domain
mismatch and improve recognition performance
when used alongside limited real data.

Brazilian Portuguese is selected as the target lan-
guage due to the limited availability of domain spe-
cific ASR resources and the substantial linguistic
variation observed across regions and professional
contexts (Candido Junior et al., 2022). The automo-
tive repair domain is chosen because it combines
spontaneous speech, specialized technical terminol-
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ogy, and challenging acoustic conditions, including
background noise and non professional recordings.
These characteristics define a demanding scenario
for evaluating domain adaptation strategies in auto-
matic speech recognition.

The objective of this study is to construct an ASR
dataset for Brazilian Portuguese focused on the
automotive repair domain, combining real speech
collected from online sources with synthetically
generated audio. The work analyzes whether the
proposed synthetic data supports the fine-tuning
of ASR models for this domain. Experiments
are conducted using the Whisper (Radford et al.,
2023), Wav2vec 2.0 (Baevski et al., 2020), and
Conformer (Gulati et al., 2020) models, which en-
compass different architectural paradigms in mod-
ern speech recognition.

The originality of this work lies in the joint
release of a real and synthetic domain specific
ASR dataset for Brazilian Portuguese named
GARAGEM: General Automotive Real and Ar-
tificial speech corpus for Garage Environments and
Maintenance in brazilian portuguese, and in the
evaluation of domain guided synthetic speech for
ASR adaptation. The study contributes evidence on
how synthetic data grounded in real domain charac-
teristics can complement real speech and improve
ASR robustness in specialized and low resource
scenarios.

2 Related Work

The use of synthetic speech generated by TTS sys-
tems for training and fine-tuning ASR models at-
tracts growing interest due to its ability to mitigate
the scarcity of annotated data in low resource lan-
guages (Bartelds et al., 2023) and specialized do-
mains (Rossenbach et al., 2019; Karl et al., 2024;
Tran et al., 2025). Prior work explores combina-
tions of synthetic and real speech (Do et al., 2024),
strategies for mixing heterogeneous speakers and
sources (Werchniak et al., 2021; Xue et al., 2022),
and the influence of acoustic, prosodic, and linguis-
tic characteristics of generated audio on recogni-
tion performance (Rossenbach et al., 2023). These
studies show that synthetic data can yield signif-
icant gains when real data is limited, motivating
systematic analysis of the conditions under which
synthetic speech is most effective.

Domain adaptation using synthetic data proves
beneficial in scenarios involving accent varia-
tion (Do et al., 2024), languages with complex

phonetic inventories (Xue et al., 2022), and special-
ized vocabularies (Karl et al., 2024). Do et al. (Do
et al., 2024) show that synthetic accented speech
generated with VITS improves recognition of ac-
cented English when used to fine-tune Wav2vec
2.0, without degrading performance on standard
benchmarks.

Xue et al. (2022) report that high fidelity syn-
thetic Mandarin speech generated with AdaSpeech
enhances results on AISHELL by modeling speaker
specific traits. Karl et al. (2024) demonstrate that
fine-tuning WhisperX with synthetic radiology
speech leads to substantial gains even in the ab-
sence of real domain specific audio. These re-
sults indicate that synthetic data supports domain
transfer while reducing annotation requirements,
although real speech still defines the upper perfor-
mance bound.

Evidence from Rossenbach et al. (2019) fur-
ther highlights the value of synthetic data under
restricted supervision. Their experiments with at-
tention based ASR models trained on synthetic
LibriSpeech show that combining generated audio
with data augmentation and external language mod-
els improves recognition, especially when labeled
data is scarce. The gains are more pronounced
in small data regimes, suggesting that synthetic
speech increases linguistic and acoustic diversity.
Similar conclusions arise in studies on minority
languages, where synthetic data compensates for
limited real speech resources.

Bartelds et al. (2023) investigate low resource
languages such as Groningsian, West Frisian, Be-
semah, and Nasal using self learning frameworks
in which a teacher model generates transcriptions
to train a student model. Their results show that
XLSR based ASR models achieve up to 25.5% rel-
ative WER reduction through self training with syn-
thetic data. This work demonstrates that synthetic
speech can approximate the benefits of much larger
real datasets and serve as an effective complement
in severely constrained scenarios.

Werchniak et al. (2021) study keyword spotting
and show that speaker diversity in synthetic data
impacts generalization more strongly than percep-
tual audio quality. Performance peaks when syn-
thetic speech represents approximately seventy five
percent of the training mixture, indicating that di-
versity rather than realism alone drives robustness.
These findings suggest that optimal real to syn-
thetic ratios depend on task requirements and the
representational richness of synthetic voices.
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Rossenbach et al. (2023) analyze the role of
acoustic and prosodic properties of synthetic
speech, focusing on phoneme duration modeling.
Their results show that low variance and under-
estimated durations produced by non autoregres-
sive TTS systems degrade ASR performance, while
aligning duration distributions with real speech
improves recognition. Tran et al. (2025) comple-
ment these findings by proposing domain adapta-
tion strategies for Whisper using synthetic speech
generated from large language model outputs. They
report improvements of up to seventeen percent
without real training audio and show that adapt-
ing only the decoder with lightweight matrices in-
creases efficiency, indicating that targeted adapta-
tion strategies are preferable to full model updates.

Huang et al. (2024) examine cases where syn-
thetic data degrades ASR performance due to dis-
tributional mismatch with real speech. Their study
on Paraformer based systems proposes techniques
such as prompt design and transcription manipula-
tion to mitigate negative effects. The results show
that ASR models learn systematic differences be-
tween synthetic and real audio, and that careful
input design stabilizes training. These observations
clarify how acoustic mismatch influences learning
dynamics and provide guidance for controlled use
of synthetic speech.

The use of TTS and voice conversion for ASR
data augmentation in extremely low resource set-
tings is investigated by Casanova et al. (2024).
Their work introduces zero shot and multilingual
TTS models capable of generating multi speaker
synthetic data from a single real speaker. Experi-
ments show that ASR models trained with synthetic
speech achieve competitive performance, demon-
strating that TTS based augmentation can effec-
tively replace large multi speaker corpora in con-
strained scenarios.

This line of research is referenced by Casanova
et al. (2023), who combine cross lingual multi
speaker TTS and cross lingual voice conversion
for ASR data augmentation. Their experiments in
Portuguese and Russian show large WER reduc-
tions in extreme settings with only one real speaker,
confirming that synthetic diversity derived from
other languages significantly improves generaliza-
tion. This work establishes synthetic speech as a
viable strategy for ASR development in severely
under resourced languages.

3 Methodology

Figure 1 summarizes the proposed methodology,
which is structured into four stages, each corre-
sponding to a subsection of this section. The work-
flow is designed to support reproducibility, both
for repeating the same experiments and for adapt-
ing the methodology to other application domains
beyond automotive repair. Each stage addresses
a distinct component of dataset construction and
model adaptation, forming a modular pipeline that
can be replicated with minimal domain specific
adjustments.

The methodology combines real data acquisition
from online sources with synthetic data generation
guided by domain knowledge. Real speech is col-
lected from publicly available platforms, such as
YouTube, enabling the capture of domain relevant
audio produced in authentic working environments
with natural acoustic conditions. Synthetic data
generation is based on a domain specific dictio-
nary and the use of language and speech generation
models to produce contextualized sentences and
corresponding audio. This design supports transfer
to other domains by redefining the term inventory,
identifying domain relevant real audio from online
sources, and reusing the same data generation and
processing stages.

3.1 Real Data Acquisition and Preparation

This section refers to Stage 1 of the proposed
methodology shown in Figure 1, which focuses on
the construction of a real speech dataset. Real data
collection starts with the identification of YouTube
channels (YouTube video search) focused on au-
tomotive mechanics, as indicated by domain spe-
cialists. Video selection prioritizes representative
repair shop content recorded in real work environ-
ments, where acoustic conditions such as reverber-
ation, tool noise, and non professional recording
setups are present. Manual inspection ensures in-
clusion of material with high density of automotive
technical vocabulary and detailed explanations of
mechanical procedures, increasing the relevance of
the dataset.

Audio preprocessing relies on the Silero VAD !
(Voice Activity Detection) model for automatic
speech segmentation. The VAD identifies time
intervals containing voice activity, removing ex-
tended silence and facilitating manual annotation.
This process reduces the volume of audio to be

"https://github.com/snakers4/silero-vad
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Figure 1: Overview of the proposed methodology composed of four stages: (i) real data acquisition and preparation,
(i) synthetic data generation, (iii) dataset consolidation and release, and (iv) ASR model fine-tuning and evaluation.
Each stage corresponds to a subsection of the Methodology and is designed to support reproducibility across

different application domains.

transcribed while preserving natural prosodic char-
acteristics of speech, including pauses and hesita-
tions common in workshop communication. The
resulting segments have variable duration and fol-
low natural speech units detected by the VAD.

The division of data into training and test sets fol-
lows a speaker separation strategy widely adopted
in ASR research to ensure reliable evaluation.
Speakers assigned to the training set do not appear
in the test set, preventing the model from exploit-
ing idiosyncratic voice traits such as timbre, speech
rate, or prosodic patterns. This setting encourages
the learning of generalizable phonetic and linguis-
tic representations (Yu and Deng, 2014).

Human annotation is carried out by 11 trained
annotators following unified transcription guide-
lines, with careful treatment of technical terminol-
ogy, automotive acronyms, and numerical expres-
sions. Automatic pre transcriptions generated by
the Whisper model serve as initial drafts, reducing
annotation effort per segment. Annotators may ad-
just segment boundaries to avoid truncated words
and to preserve semantic coherence. Transcription
follows a verbatim approach, retaining hesitations,
repetitions, and discourse markers typical of sponta-
neous speech. The guidelines align with principles
adopted in initiatives such as CORAA (Candido Ju-
nior et al., 2022), and NURC-SP (Rodrigues et al.,
2024) ensuring annotation consistency and quality.

3.2 Synthetic Data Generation

This section refers to Stage 2 of the proposed
methodology shown in Figure 1, which concerns
the construction of a synthetic speech dataset. Syn-
thetic data creation starts with the compilation of
a domain specific dictionary for automotive repair
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shops (Dictionary creation), organized into four
categories: car models, automotive parts, product
brands, and generic domain terms. Term selection
covers official manufacturer nomenclature, com-
monly used mechanic denominations, and regional
variants. This structured dictionary supports the
generation of contextualized sentences that reflect
authentic workshop communication, including di-
agnostics, maintenance procedures, and customer
interactions.

Contextualized sentence generation relies on
large language models, namely Gemini 2.5 (Co-
manici et al., 2025) and GPT 4 (Achiam et al.,
2023), configured to emulate spontaneous and in-
formal speech produced by experienced Brazilian
Portuguese speaking mechanics. The generation
strategy encourages natural and diverse utterances
for each dictionary term, incorporating features of
orality such as vocalized pauses, slang, contrac-
tions, and spoken syntactic structures. Sentences
alternate between explicit mentions and simplified
references, capturing variability characteristic of
professional oral communication. For each dictio-
nary term, the models produce between five and ten
distinct sentences, while generic terms may also
appear incidentally in sentences associated with
other entries.

An example of the prompt used for sentence
generation is presented below, preserving the Por-
tuguese domain term.

You are an experienced Brazilian Portuguese
speaking mechanic explaining things in a sponta-
neous and informal way. Create five natural and
varied sentences as if they were everyday workshop
speech, in which the term appears naturally in con-



text. The sentences should sound spoken, including
pauses such as hm, ah, eh, slang, and contractions
like td and pra.

Term: Veiculos a Combustdo

Definition: Veiculos a combustdo are vehicles
called this way because they use internal combus-
tion engines. They receive this name because they
rely on fuel burning reactions as a source of chem-
ical energy, which is converted into mechanical
energy to move the vehicle.

Audio synthesis (Generation of synthetic audios)
employs two TTS systems, Gemini 2.5 TTS (Co-
manici et al., 2025) and Google Cloud TTS based
on Chirp 3 2. Both systems generate speech us-
ing the same set of speakers, ensuring consistency
in voice identity across synthetic data. The main
difference lies in synthesis quality, as Gemini 2.5
aims to produce more natural and less robotic in-
tonation compared to Google Cloud TTS. This de-
sign enables analysis of whether ASR performance
benefits from synthetic speech with more realistic
prosodic patterns. All synthetic audio is generated
at a 16 kHz sampling rate, preserving acoustic de-
tail relevant for speech recognition.

3.3 Dataset Consolidation and Release

This section refers to Stage 3 of the proposed
methodology shown in Figure 1, which addresses
the analysis and public release of the complete real
and synthetic datasets. The real YouTube corpus
contains 4,412 audio segments totaling 9 hours and
45 minutes of transcribed speech. The data split
assigns 3,121 segments (6 hours and 51 minutes) to
training and 1,291 segments (2 hours and 54 min-
utes) to testing, corresponding to an approximate
70% and 30% division. This partition provides suf-
ficient material for model training while preserving
a representative evaluation set.

Synthetic data generated with Gemini TTS
amount to 12 hours and 49 minutes of audio, while
Google Cloud TTS yields 11 hours and 15 min-
utes. Each TTS system produces 6,367 audio files
with 18 distinct speakers, resulting in two complete
synthetic subsets. Figure 2 illustrates the temporal
distribution of the real and synthetic subsets, pro-
viding a clear visualization of the relative amount
of audio across each portion of the dataset. Fig-
ure 3 shows the distribution of segment durations,

2https://docs.cloud.google.com/text-to-speech/docs/
chirp3-hd

indicating that most audio segments fall between
4 and 12 seconds, a range that supports complete
sentence coverage and representative speech sam-
ples.
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Figure 3: Distribution of segment durations across real
and synthetic subsets of the GARAGEM.

The technical terms dictionary includes 721 en-
tries distributed across four categories: 136 car
model names, 142 generic automotive domain
terms, 113 product or part brands, and 330 specific
automotive part names. This composition ensures
broad coverage of domain specific vocabulary, en-
compassing both frequent terminology and less
common specialized expressions. Orthographic
variants and alternative denominations for identi-
cal components are included to reflect linguistic
variation in professional mechanic communication.

Dataset release follows protocols that ensure
copyright compliance and reproducibility. The cor-
pus GARAGEM: General Automotive Real and Ar-
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tificial speech corpus for Garage Environments and
Maintenance in brazilian portuguese, is publicly
available on Zenodo under a Creative Commons At-
tribution 4.0 International license with DOI: https:
/ldoi.org/10.5281/zenodo.18202081. The YouTube
based subset is distributed through metadata con-
taining the original video links, segment times-
tamps, and corresponding transcriptions, enabling
legal data reconstruction. The two synthetic subsets
are released as 16 kHz audio files with associated
transcriptions, together with the technical terms
dictionary. All materials may also be requested
directly from the authors.

3.4 Model Fine-Tuning Experiments

This section refers to Stage 4 of the proposed
methodology shown in Figure 1, which focuses
on fine-tuning the Whisper, Wav2vec 2.0, and Con-
former models using the datasets described in the
previous sections.

The Whisper medium model checkpoint * con-
tains 769 million parameters and is pre-trained on
680,000 hours of multilingual speech. The ar-
chitecture follows a Transformer-based encoder-
decoder design, where the encoder processes mel-
spectrogram representations and the decoder gener-
ates text transcriptions autoregressively (Radford
et al., 2023). Fine-tuning runs for 8 epochs with
a learning rate of 2e — 5, batch size of 8, and
the AdamW optimizer. Training minimizes cross-
entropy loss over generated token sequences, with
gradient accumulation applied to improve stability.

The Wav2vec 2.0 model checkpoint # contains
300 million parameters, and was trained on approx-
imately 490 hours of Brazilian Portuguese audio.
The architecture employs a convolutional feature
encoder followed by a Transformer-based contex-
tualized representation learner, using contrastive
learning during pre-training to learn representations
from raw audio (Baevski et al., 2020). Fine-tuning
runs for 10 epochs with a learning rate of 3e — 4,
batch size of 32, and CTC loss as the objective
function.

The Conformer model checkpoint 3 contains
approximately 120 million parameters, and was
trained on 3200 hours of Brazilian Portuguese au-
dio. The Conformer model combines convolution

*https://huggingface.co/openai/whisper-medium

*https://huggingface.co/lgris/
wav2vec2-large-xlsr-open-brazilian-portuguese-v2

Shttps://catalog.ngc.nvidia.com/orgs/nvidia/teams/tao/
models/speechtotext_pt_br_conformer

and self-attention mechanisms to capture both local
and global dependencies in speech (Gulati et al.,
2020). Fine-tuning uses CTC loss with a learning
rate of 0.1, batch size of 16, and runs for 30 epochs.

Training runs on an NVIDIA V100 GPU with 32
GB of VRAM. Audio inputs are standardized to a
16 kHz sampling rate to ensure compatibility with
the pre-trained models. The best checkpoints are se-
lected based on validation performance monitored
using the WER metric. Performance evaluation
relies on Word Error Rate (WER) and Character
Error Rate (CER) metrics computed on a held-out
test set that remains isolated throughout training.
Each data configuration, including different syn-
thetic proportions and combinations with real data,
is evaluated independently.

4 Results and Discussion

Table 1 reports WER and CER obtained from fine-
tuning Whisper, Wav2vec 2.0, and Conformer with
the datasets introduced in the methodology section.
The use of three models with different architectures
ensures robustness in the experimental evaluation.
Fine-tuning with synthetic data only leads to poorer
performance on the real test set when compared to
both the non fine-tuned models and the models
adapted using only real YouTube data. This re-
sult indicates that synthetic speech, when used in
isolation, does not provide sufficient acoustic and
contextual variability to support generalization to
real workshop recordings.

When synthetic data is combined with real
YouTube data, both WER and CER are reduced
across all models. The improvement suggests that
synthetic speech is effective as a complement to
real data, increasing exposure to domain specific
lexical items while preserving acoustic patterns
learned from authentic recordings. This behavior
supports the use of synthetic data as an augmen-
tation strategy rather than as a standalone training
source.

The two synthetic datasets yield similar gains
when combined with real data. Although the
YouTube plus Google Cloud configuration achieves
the lowest error rates, the difference relative to
Gemini TTS remains small. This proximity indi-
cates that performance improvements are primarily
driven by domain targeted lexical coverage and
sentence diversity, rather than by differences in
synthesis quality between the two TTS systems.

Table 2 provides qualitative evidence for these
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Fine-tuning Dataset Whisper Wav2Vec 2.0  Conformer
WER CER WER CER WER CER
No Fine-tuning 16.10 8.07 37.64 14.00 16.19 6.96
YouTube 1342 586 2272 824 1486 5.82
Synthetic (Google Cloud) 25.53 11.83 36.84 13.78 27.19 1299
Synthetic (Gemini) 27.08 12.82 38.15 14.79 23.87 11.08
YouTube + Synthetic (Google Cloud) 1240 5.38 21.38 7.67 12.72 5.17
YouTube + Synthetic (Gemini) 1236 532 2151 794 1305 5.81

Table 1: Whisper, Wav2vec 2.0, and Conformer fine-tuning results evaluated on the real test set using WER and
CER metrics. The best results for each model are highlighted in bold, and the second best results are underlined.

observations. The models fine-tuned with YouTube
and synthetic data produce more accurate transcrip-
tions of domain specific terms such as monobloco,
para-barra, rede can, and corolla. Several of these
terms are misrecognized or distorted when training
relies only on real data. In addition, some corrected
terms are absent from the real training set, indicat-
ing that synthetic data contributes new lexical items
that improve recognition in the target domain.

Overall, the results show that domain guided
synthetic data strengthens ASR adaptation when in-
tegrated with real speech, improving recognition of
specialized vocabulary without replacing authentic
recordings.

5 Conclusion and Future Work

This work presents the GARAGEM, a domain spe-
cific ASR corpus for Brazilian Portuguese that com-
bines real speech collected from online sources
with synthetic speech generated from curated au-
tomotive terminology. The proposed methodology
demonstrates that domain guided synthetic data,
when used as a complement to real recordings, im-
proves ASR performance by reducing recognition
errors and increasing coverage of specialized vo-
cabulary. The experimental results show gains in
WER and CER when synthetic data augments real
data, while synthetic speech alone proves insuffi-
cient for reliable generalization to real test condi-
tions.

The qualitative analysis further supports these
findings by showing improvements in the recog-
nition of technical terms that are absent or under-
represented in the real training set. This behavior
indicates that synthetic data contributes primarily
at the lexical level, reinforcing domain specific
knowledge without replacing the acoustic diver-
sity provided by authentic recordings. The similar
performance observed between different TTS sys-

tems suggests that lexical relevance and sentence
diversity play a more significant role than synthesis
quality differences in this setting.

Limitations of this study include the non explo-
ration of data augmentation strategies applied to
synthetic speech and the use of fixed proportions
between real and synthetic data. Future work in-
cludes investigating the impact of additional aug-
mentation techniques such as noise injection and
reverberation, as well as systematic analysis of op-
timal synthetic to real data ratios. Further experi-
ments may also extend the methodology to other
specialized domains to validate its generality and
reproducibility.
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Audio ID

Reference Transcription

Transcription
(YouTube Fine-tuned)

Transcription
(YouTube + Synthetic Fine-tuned)

368 o veiculo também apresenta vi- veiculo também apresenta vibragdo o veiculo também apresenta vi-
bragdo do conjunto monobloco com  do conjunto 0 monobloc com carga  bragdo do conjunto monobloco com
carga carga

889 colocar como a gente tirou o para- colocar como a gente tirou para a colocar como a gente tirou o para-
barra aqui tem que deixar tudo orig-  barra aqui tem que deixar tudo orig- barra aqui tem que deixar tudo orig-
inalzinho td o todos parafusos tudo inalzinho td 6 todos os parafusos inalzinho td o todos parafusos tudo
colocado certinho td tudo colocado certinho td colocado certinho td

774 medimos a rede can ambas medimos a rede cam ambas medimos a rede can ambas
chegando ali alimentacdo dois e chegando ali a alimentac¢do dois e chegando ali alimentacdo dois e
meio a um ponto oito volts entdo a meio a um ponto oito volts entdo a meio a um ponto oito volts entdo a
mesma td ok mesma td ok mesma td ok

573 que vedou legal encaixa bem direit- que vedou legal o caixa bem direit- que vedou legal encaixa bem direit-
inho tudo certinho com certeza sub-  inho tudo certinho com certeza sub- inho tudo certinho com certeza sub-
stitui muito bem a original beleza  stititu muito bem a original beleza  stituir muito bem a original beleza

21 quando trocar substituir a correia  quando trocar substituir a correia quando trocar substituir a correia

auxiliar de acessorios do toyota
corolla conhecida também como
correia de acionamento

a auxiliar de acessorios do toyota
corola conhecido também como cor-
reia de acionamento

auxiliar de acessorios do toyota
corolla conhecido também como
correia de acionamento

Table 2: Qualitative transcription examples comparing fine-tuning with YouTube data only and with YouTube plus
synthetic data, using normalized sentences without punctuation as employed for metric computation. Terms whose
recognition improves with the inclusion of synthetic data are highlighted. The Audio ID corresponds to the segment

index in the released metadata.
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