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Abstract

This work presents BIPA, a phonetic transcrip-
tion corpus for Brazilian Portuguese that cov-
ers regional dialectal variations. The corpus
was constructed through automated extraction
from Wiktionary, resulting in 53,353 unique
words and 350,021 transcriptions in IPA for-
mat, distributed across six dialects: general
Brazilian, Rio de Janeiro, Sao Paulo, South
Region, Northeast Region, and Center-West
Region. The average density of 6.56 transcrip-
tions per word reflects multiple regionally con-
ditioned phonetic variations. To validate the
utility of the corpus, the ByT5-small model
was fine-tuned for grapheme-to-phoneme con-
version, achieving a Minimum Phoneme Er-
ror Rate of 3.6% on the best epoch. BIPA ad-
dresses the scarcity of computational linguistic
resources for Brazilian Portuguese, enabling
applications in regional speech synthesis, au-
tomatic accent recognition, and computational
sociolinguistic analysis.

1 Introduction

In the field of linguistics, phonemes are the smal-
lest distinctive sound units of a language, capable
of differentiating meanings when articulated in dif-
ferent contexts (Garay, 2016). For computational
systems to process this language efficiently, precise
conversion between its orthographic representation
(graphemes) and the respective sound representa-
tion is essential. This fundamental task is known in
computational linguistics as grapheme-to-phoneme
(G2P) conversion (Unnithan and Mahapatra, 2024).

G2P models learn systematic correspondences
between written character sequences and their pho-
netic pronunciations, allowing the inference of how
unseen words should be articulated (Unnithan and
Mahapatra, 2024). These technologies are widely
applied in speech synthesis systems (text-to-speech,
TTS) (Tan et al., 2021) and automatic speech recog-
nition (ASR) (Kheddar et al., 2024), constituting a

critical component for naturalness and the model-
ing of human-computer interfaces.

Although Portuguese is the eighth most spoken
language in the world, with more than 260 mil-
lion native speakers (Eberhard et al., 2025), the
current context is a critical scarcity of high-quality
computational linguistic resources for Brazilian
Portuguese (Corréa et al., 2024; Almeida et al.,
2024). Compared to languages such as English, the
availability of large annotated corpora, pre-trained
models, and specialized datasets for Brazilian Por-
tuguese remains significantly lower (da Rocha Jun-
queira et al., 2024; Cruz-Castafieda and Amadeus,
2025). Regional differences within Brazilian Por-
tuguese itself, dialectal phonetic variations, and
specific vocabulary further increase this computa-
tional challenge (Contributors, 2024; Lima et al.,
2024). Recent initiatives, such as the TaRSila
speech synthesis project (Contributors, 2024) and
spontaneous speech data with regional annota-
tion (Lima et al., 2024), have sought to bridge this
gap.

In the context of Brazilian Portuguese phonemes,
phonology is fundamentally oriented by syllabic
and accentual properties, in which many phonolog-
ical processes are related to or conditioned by the
syllabic structure and the position of the primary
stress (Souza, 2025). Several phonological phe-
nomena affect vowels in different ways, depending
on their position in the syllable (Kenstowicz and
Sandalo, 2016). An example occurs in syllables
preceding the tonic one (the syllable pronounced
with the greatest intensity in the word), where vow-
els tend to be influenced by the following tonic
vowel. This can be observed in words like bonito,
where the vowel “0” in the first syllable is influ-
enced by the proximity of the tonic “i”, becoming
pronounced as “u” (Battisti, 2017), and thus its
phonetic form is “bu’ni.tu”.

Several other rules are part of phoneme forma-
tion, such that, as character sequences unite in
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the creation of the grapheme, such orthographic
configurations condition the resulting phonetics.
Thus, correctly identifying letter positions, accents,
and other elements is essential for systems con-
verting text to speech or pronunciation synthesis,
ensuring natural and correct phonetic transcrip-
tions (Casanova et al., 2023).

The IPA (International Phonetic Alphabet) stan-
dard, developed by the International Phonetic Asso-
ciation, constitutes a standardized system of sound
representation that allows transcribing phonemes
of any language through specific symbols (Asso-
ciation, 1999). Unlike conventional orthography,
which often uses combinations of letters to rep-
resent unique sounds, IPA establishes a distinct
symbol for each sound, eliminating ambiguities
and offering sufficient resources to faithfully repre-
sent the phonetic richness of the language, includ-
ing its regional dialectal variations (International
Phonetic Association, 2015). This characteristic
makes IPA particularly valuable for speech process-
ing applications and word conversion to phonemic
representation, where acoustic precision is critical.

Given this context, the main contributions of
this study include: (i) The BIPA Corpus contain-
ing grapheme-phoneme pairings of Brazilian Por-
tuguesel; (i1) A neural ByT5-small model (Xue
et al., 2022) for the grapheme-to-phoneme conver-
sion task trained on the BIPA Corpus?.

In the following sections, related works to the
research theme of this article, the methodology of
BIPA Corpus construction, statistical analyses on
dialectal coverage and phonetic variation, results
obtained through the model trained on the proposed
Corpus, as well as conclusions on the applicability
of this resource to Brazilian Portuguese will be
presented.

2 Related Works

Several works in the literature use IPA as a stan-
dard system for phonemic representation. Deri
and Knight (2016) extracted more than 650,000
word and pronunciation pairs from Wiktionary, in
addition to being combined with phonemic inven-
tories from the Phoible base (Moran and McCloy,
2019). The authors do not detail which languages
and quantity of data extracted. Lee et al. (2020)
developed WikiPron, a tool that extracted 1.7 mil-

"https://huggingface.co/datasets/
thiagomonteles/BIPA

2https ://huggingface.co/thiagomonteles/BIPA_
g2p_Multidialect_Byt5

lion pronunciations in 165 languages in IPA. How-
ever, its representation for Brazilian Portuguese is
9,315 grapheme-phoneme pairs. Goriely and But-
tery (2025) proposed G2P+, a tool for orthographic
conversion aligned with Phoible inventories in 31
languages and other sets that use IPA as a standard
form, including Brazilian Portuguese, extracted
from the eSpeak software?. The authors use phone-
tization rules to produce phonetic representation.
Mendonga and Aluisio (2014) focuses exclusively
on Brazilian Portuguese, developing a hybrid pro-
nunciation dictionary using manual transcription
rules and IPA, representing 108,389 G2P pairs fo-
cusing on the standard variety without considering
regional differences.

The existence of these grapheme-to-phoneme
corpora allows for the creation of translation
systems. As an example, we can cite Peters
et al. (2017), who developed a multilingual neu-
ral sequence-to-sequence system for hundreds of
languages, achieving 11% in Phone Error Rate
(PER). Rezackovi et al. (2021) performed a fine-
tuning on the TS5 model for G2P at the sentence
level for English and Czech, obtaining a word ac-
curacy of 99.04% and 99.89%, respectively. Dong
et al. (2022) proposed GBERT (Grapheme BERT),
a model pre-trained on grapheme sequences for
Dutch, Serbo-Croatian, Bulgarian and Korean.
Kim et al. (2022) developed a bilingual model for
English and Korean based on non-autoregressive
transformer (NART-CRF), reaching an inference
speed 27 times greater than that of autoregressive
models, with an accuracy of 87.75%.

Solving this task requires mapping words to
their articulatory representations so that success-
ful models can learn such correspondences and
infer new phonemes never before observed (Un-
nithan and Mahapatra, 2024). Due to this, works
like Zhu et al. (2022) implemented G2P models
based on the ByT5 architecture for approximately
100 languages, demonstrating that ByTS5, operating
directly on byte-level inputs (or characters), sig-
nificantly outperforms the mT5 model that works
at the word level. The study aggregated pronunci-
ation dictionaries from multiple sources, totaling
7.2 million words distributed in 99 languages in
the training set. Experimental results showed that
the multilingual ByT5-small model reached a PER
of 8.8% and Word Error Rate (WER) of 25.9%,
surpassing mT5-small which obtained a PER of

3https://github.com/espeak-ng/espeak-ng
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Figure 1: Steps of content extraction for the generation
of the BIPA dataset.

11.9% and a WER of 37.1%.

Literature analysis demonstrates a significant
gap in research with a specific focus on Brazil-
ian Portuguese and, in particular, on computational
modeling of dialectal variation. The work of Men-
donga and Aluisio (2014) is the only one with an ex-
clusive focus on Brazilian Portuguese and develops
a pronunciation dictionary, but does not consider
regional dialectal variations nor more robust tech-
niques for G2P systems. Other multilingual works
that incorporate Brazilian Portuguese treat it only
as one among dozens or hundreds of languages,
without specific treatment for phonological charac-
teristics or geographical variation. No work was
identified that develops G2P models capable of pro-
cessing multiple dialects of Brazilian Portuguese,
considering that Brazil possesses significant phono-
logical diversity and that dialect-sensitive G2P sys-
tems are essential for the development of more
inclusive speech technologies.

3 Corpus Construction

The Brazilian IPA Standard Corpus (BIPA) was
built through automated data extraction processes*
of phonetic transcriptions from Wiktionary’, a
platform that provides pronunciation annotations
for Brazilian Portuguese, including dialect-specific
markings following the IPA standard. These tran-
scriptions are collaboratively contributed by volun-
teer editors following the platform’s official pro-
nunciation conventions®, grounded on established
phonological references such as (Barbosa and Al-
bano, 2004), with manual dialectal annotations en-
suring regional coverage across Brazilian varieties.

3.1 Extraction Process

As illustrated in Figure 1, the BIPA Corpus con-
struction pipeline begins with the Wiktionary data
source’, from where phonetic transcriptions of

“Data extracted on 09/17/2025.

Sen .wiktionary.org

6https ://en.wiktionary.org/wiki/Appendix:
Portuguese_pronunciation

"Data extracted from Wiktionary, available under CC BY-
SA 4.0 license. Modifications made to data format and struc-

« (Brazil) IPAkeY): 1ze'ra(k)/ [ze'ra(h)]
» (Sdo Pauto) IPAKeY)- jze'ra(r)/
« (Rio de Janeiro) IPAK®Y): [ze'ra()/ [ze'ra(y)]
« (Southern Brazil) IPA%Y): [ze'ra(y)/

Figure 2: Example of pronunciation present for the word
“zerar” extracted from Wiktionary.

Brazilian Portuguese are extracted. In step 1 (Data
Collection and Extraction), the implemented en-
gine processes pages categorized as “Portuguese
terms with IPA pronunciation”, applying HTTP
requests and HTML parsing to locate sections de-
limited by content identifications on the web page.
Then, regular expressions are used to extract pho-
netic elements and identify dialectal labels in adja-
cent tags as illustrated in Figure 2.

In the second step (Data Normalization) of Fig-
ure 1, raw IPA transcriptions are subjected to stan-
dardization processes. In this phase, each Unicode
symbol is validated according to the official IPA
inventory, which comprises 107 basic segmental
symbols (consonants and vowels) and 44 modi-
fier diacritic marks (accentuation, nasality, among
other phonetic properties), ensuring consistency
in marker representation. Simultaneously, dialec-
tal labels undergo standardization, employing the
pt— BR—U F scheme for regional variants. Dupli-
cate records are identified through pair comparison
(word, normalized IPA), with contextual resolution
applied to homographs when multiple transcrip-
tions coexist for the same orthographic form.

Proceeding in the sequence of Figure 1, step
3 (Data Post-Processing) applies filters to ensure
the quality and linguistic coherence of the BIPA
Corpus. For this purpose, the following items are
excluded: identified by the presence of non-native
allophone phonemes?®; proper names, except when
they present dialectally marked phonetic variation
and lexicographical relevance; and abbreviations
and acronyms, due to the irregularity of their pho-
netic realizations.

In step 4 (Output), the Corpus is serialized in
JSON Lines (.jsonl) format. Each line of the file
contains a record associated with a word, composed
of three main pieces of information: (i) Dialect
(regional variant or dialectal mark, such as Rio de

ture. Accessed at: https://www.wiktionary.org

8Considering the phoneme as the smallest distinctive unit,
an allophone is the contextual variation of the same phoneme;
‘non-native’ designates sounds outside the standard term.
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Janeiro or South Region); (i1) Word (standard ortho-
graphic form); and (iii) Pronunciation (normalized
phonetic transcription in IPA symbols).

4 Statistical Analysis of the Corpus

4.1 Size and Coverage

The BIPA Corpus comprises 53,353 unique lexical
entries, distributed in 350,021 total phonetic tran-
scriptions, which contemplate the following dialec-
tal variations for Brazilian Portuguese: Brazil (stan-
dard understanding), Rio de Janeiro, Sdo Paulo,
South Region, Northeast Region, and Center-West
Region.

After the lemmatization procedure, the corpus
was reduced to 46,518 unique lemmas and 294,578
corresponding transcriptions, which indicates that
approximately 12.8% of the original entries cor-
respond to morphological variants such as plural
forms, verb inflections, and derivational processes
of the same lexical root.

The transcription density per entry (with an aver-
age of 6.56 transcriptions per word) reflects the
phonetic variability of the Corpus, where high-
frequency words often exhibit multiple phonetic
variations conditioned by phonetic and sociolin-
guistic factors. This granularity supports analyses
across dialectal varieties, potentially serving as a
resource for regional speech synthesis, automatic
accent recognition, and other speech-related tasks
(Contributors, 2024).

4.2 Dialectal Distribution

As presented in Table 1, the distribution of tran-
scriptions among the six identified dialects reveals
a marked asymmetry, with concentration in anno-
tations classified as standard Brazilian Portuguese,
representing 52.67% of the corpus (184,369 tran-
scriptions). State and specific regional varieties ex-
hibit decreasing representation: Rio de Janeiro con-
tributes 22.51% (78,786 transcriptions), Sdo Paulo
14.71% (51,487), and the South Region 9.98%
(34,941). The Northeast and Center-West regions
show extremely limited coverage, with 0.10% (363
transcriptions) and 0.02% (75 transcriptions), re-
spectively.

This distribution partly reflects Wiktionary’s
documentary bias, where urban dialects associ-
ated with major population centers such as Rio
de Janeiro and Sao Paulo tend to receive compara-
tively greater lexicographical coverage relative to
varieties spoken in less populated regions.

Dialect Quantity %
Brazil 184,369 52.67
Rio de Janeiro 78,786 22.51
Sao Paulo 51,487 14.71
South Region 34,941 10.00
Northeast Region 363 0.10
Center-West Region 75 0.02

Table 1: Distribution by dialect (BIPA).

The vocabulary overlap analysis indicates that
approximately 31.2% of words in the BIPA dataset
exhibit two or more distinct dialectal variants, in-
dicating a moderate level of phonological hetero-
geneity among Brazilian varieties. Words exhibit-
ing three or more dialectal realizations account
for approximately 8.4% of the corpus, primarily
concentrated in high frequency lexical items and
everyday vocabulary susceptible to sociolinguistic
variation.

4.3 Phonetic Inventory and Dialectal
Variation

Table 2 presents the ten phones exhibiting the high-
est degree of variation, based on their frequency
across the three main dialects represented in BIPA:
Rio de Janeiro (RJ), Sao Paulo (SP), and the South
Region (Sul). Each row lists a phonemic variant
illustrated with an example word from the Corpus,
along with its corresponding frequencies per thou-
sand (%o)° in RJ, SP, and the South Region.

Orthographic word Transcription RJ SP  Sul

rota ‘ho.ta 0.00 0.0 0.20
rota 'Bo.ta 0.00 0.0 020
rota 'BO.te 0.18 0.0 0.00
abidos ‘a.bi.dos 0.00 0.0 0.11
pegas ‘pe.yas 0.00 0.0 0.11
esfinge es'fi.ze 0.00 0.0 0.11
acores a'so.res 0.00 0.0 0.11
agarta a'yar.ta 0.00 0.0 0.11
rota '%o.te 0.09 0.0 0.00
rota ho.te 0.09 0.0 0.00

Table 2: Top Contrastive Phonemes (freq. %o).

The data reveal systematic patterns of consonan-
tal and vocalic variation. The word rota, for exam-
ple, illustrates this variability through five distinct
pronunciations documented in the Corpus, which
result from combining three variants of the initial
rhotic (“r” sounds) (h, ¥, ) with two variants of

The unit “per thousand” (%o) is used to facilitate compari-
son between dialects, indicating how many occurrences there
are for every thousand records.
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the final vowel (a or e).

In the South of Brazil, 'ho.ta and '#o.ta predomi-
nate, both with a frequency of 0.20%o; in Rio de
Janeiro, 'Bo.te (0.18%o), "yo.te (0.09%¢), and ho.te
(0.09%o0) are observed.

This variation [h] ~ [B] ~ [y] is characteristic
of the Brazilian phonological system, where the
same initial “r” can be pronounced in different
ways (Amaral, 1920). The prevalence of [h] in
the South region reflects a trend documented in
regional sociolinguistic studies, where this variant
constitutes the standard form in specific contexts
(Brescancini and Monaretto, 2008).

The lack of substantial frequencies in the cap-
ital variety of Sdo Paulo for several contrastive
items suggests a possible underrepresentation of
this variety in particular phonetic environments, or
alternatively indicates that the Paulistano dialect
may occupy an intermediate position in the Brazil-
ian dialectal continuum, sharing traits with both
Carioca (RJ) and Southern varieties'? (de Oliveira
and de Lurdes Zanolli, 2021).

4.4 Vocabulary Overlap Between Dialects

As illustrated in Figure 3, the similarity matrix
quantifies the degree of lexical overlap among the
four principal dialects represented in BIPA. To com-
pute this similarity, we employed the Jaccard co-
efficient, defined by equation 1, where A and B
denote the word sets associated with two distinct
dialects:

B |AN B

JAB) = g

(1

where |A N B| represents the number of shared
words between the two dialects and |A U B]| the
size of the combined total vocabulary. The coeffi-
cient varies between 0 (no words in common) and
1 (identical vocabularies), providing a normalized
measure of lexical overlap.

The analysis considers all words without lemma-
tization, capturing morphological and orthographic
variations specific to each dialectal variety.

The analysis reveals asymmetrical patterns of
vocabulary overlap. The standard dialect (“Brasil”)
presents low similarity with specific regional vari-
eties (J = 0.21-0.44), reflecting the complemen-
tary nature between these sets, where transcriptions
marked as “Brasil” typically correspond to words

Paulistano and Carioca refer to the dialects spoken in the
region of Sdo Paulo and Rio de Janeiro, respectively.

Vocabulary Intersection Between Dialects (Jaccard)

Brazil ] 0.21 0.44 0.39 0.9

0.8

S&o Paulo - 0.21 0.7

-0.6

Rio de Janeiro - 0.44 -05

-0.4

Southern Brazil - 0.39 -03

BVai‘\ o gau© S0eV©
o

"
2\
el Bee
ot

Figure 3: Vocabulary intersection between dialects us-
ing Jaccard coefficient, with all words unlemmatized.
Chromatic scale: values close to 1.0 (dark red) indicate
high overlap; values close to 0.0 (light yellow) indicate
low overlap.

without documented dialectal variation, while re-
gionally specified entries capture phenomena of
geographically conditioned phonetic variation.

Among regional dialects, Rio de Janeiro and
South Region exhibit surprisingly high overlap
(J = 0.90), suggesting that a large part of the
vocabulary with documented dialectal variation is
present in both varieties, albeit with distinct pho-
netic realizations. This high overlap reflects the
Wiktionary collection methodology, where words
with multiple regional pronunciations receive tran-
scriptions for various localities simultaneously.

Sao Paulo presents moderate overlap with Rio
de Janeiro (J = 0.48) and the South region
(J = 0.54), positioning itself in this context as
an intermediate variety in the Brazilian dialectal
space. The lower overlap of Sdo Paulo with other
varieties may indicate: (i) Lower lexicographical
coverage of this variety in Wiktionary; (ii) greater
vocabulary specificity of the Paulistano dialect; or
(iii) documentation bias favoring RJ and South Re-
gion contrastive pairs to the detriment of SP.

The low similarity between “Brasil” and specific
dialects (J < 0.44) confirms the functional parti-
tioning of the Corpus. The generic label marks the
absence of documented variation, while regional
labels (RJ, SP, South Region) signal the presence
of geographically distributed phonetic alternatives.

This distribution of variation present in BIPA
may culminate in significant implications for re-
gional speech synthesis systems and automatic ac-
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cent identification, made possible through the use
of the current set with specific sampling for the
proposed target problem.

S Experiments and Results

In order to illustrate the BIPA dataset’s effective-
ness, an experiment was implemented to develop
a neural model for the grapheme-to-phoneme con-
version task. The aim of this section is to verify the
quality and utility of the collected data by training
a model that can predict phonetic transcriptions in
IPA notation from words written in standard or-
thography.

5.1 Architecture and Configuration

To demonstrate the applicability of the BIPA
dataset in the grapheme-to-phoneme (G2P) con-
version task, an experiment was conducted per-
forming a complete fine tuning on the ByT5-small
model (Xue et al., 2022). ByT5 (Byte-level T5)
represents a transformers encoder-decoder archi-
tecture (Vaswani et al., 2017) that operates directly
on UTF-8 byte sequences, dispensing with conven-
tional tokenization and allowing modeling of pho-
netic relations at the character level. This enables
the model to identify patterns, eliminating the ne-
cessity for conventional G2P systems to fragment
the word into characters and apply conversion rules.
This is a desirable attribute for the generalization
of translation systems.

Figure 4 illustrates the ByTS5 architecture applied
to the G2P task in the BIPA context, where an input
in the format "[dialect] grapheme" is encoded in
UTF-8 byte sequences, processed by a heavy en-
coder with 3x more layers than the light decoder
and decoded to generate phonetic transcriptions in
IPA. With this asymmetric characteristic of ByTS5,
the encoder can acquire phonetic representations at
the input character level with a greater degree of la-
tent vision, whereas the more compressed decoder
can generate the phonetic sequence more efficiently
byte by byte.

In this experiment, the dataset contains 292,862
unique grapheme-phoneme pairs (eliminating du-
plicates for the trio dialect, word, and phoneme),
distributed among six regional dialects of Brazil-
ian Portuguese: Brazil (standard), Rio de Janeiro,
Sao Paulo, South Region, Northeast Region, and
Center-West Region. A multidialectal strategy was
adopted, utilizing all available dialects in training.

Data were split using stratification by di-

ko[ i.tu.i' sBw

ByT5
UTF-8 DECODING

ff f 7

Softmax

DECODER (Light)
O

ENCODER (Heavy)

BYTE EMBEDDINGS (Encoder Input)

£ 1 f 1

94, 117, 108, 114, 48, 103, 104, 48, 109, 100, 113, 104, 108, 117, 114, 96, 35, 102, 100, 118, 100, 1

‘ UTF-8 ENCODING
O R N S SO SO
[ rio-de-janeiro]constituicéao

Figure 4: ByT5 architecture adapted for G2P training in
the BIPA context.

alect and word length measured in charac-
ters. Because the dataset contains only unique
(dialect, word, phoneme) tuples, we enforced a
group constraint at the (dialect, word) level so the
same (dialect, word) pair could not appear across
different splits. Partitioning was performed in two
stages with stratified group splitting: first, an ap-
proximately (10%) test set was held out, and then
an approximately (10%) validation set (of the to-
tal) was split from the remaining data. The final
partition sizes were (219,921) training examples,
(43,699) validation examples, and (29,242) test ex-
amples.

5.2 Hyperparameters and Training

Training was configured with a learning rate of
1 x 10~*, Adafactor optimizer (Shazeer and Stern,
2018) with linear decay and warm-up of 10% of
iterations, weight decay of 0.05, and label smooth-
ing factor of 0.1. 10 complete epochs were exe-
cuted over the training set, with a batch size of 96
examples per device. Decoding during inference
employed beam search (Graves, 2012) with width
6 and maximum output length of 35 rokens. Vali-
dation metrics were computed at the end of each
epoch. Implementation was performed using the
Transformers library (Wolf et al., 2020).

5.3 Evaluation Method

The basis of the adopted metric was the Phoneme
Error Rate (Phoneme Error Rate, PER), calcu-
lated as the normalized Levenshtein distance (Lev-
enshtein, 1966) between predicted and reference
phoneme sequences, considering each IPA symbol
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Figure 5: Evolution of training loss and validation loss
by Epoch with best per min.

as an atomic unit. PER is defined by the equation:

S+D+1
PER = ———— 2

In Equation 2, S represents the number of substi-
tutions (incorrectly predicted phonemes), D the
number of deletions (phonemes omitted by the
model), I the number of insertions (erroneously
added phonemes), and N the total number of
phonemes in the reference sequence. Lower PER
values indicate greater precision in grapheme-
phoneme conversion, with PER = 0% representing
perfect agreement between prediction and refer-
ence.

Given the nature of the Corpus, which presents
multiple phonetic variations for the same word,
Minimum PER was used as a performance met-
ric, in accordance with recent methodological ap-
proaches for handling phonemic ambiguity (Grafé
et al., 2025). Thus, Minimum PER is calculated as:

PERmin(Zg7 {yh Y2, .- 7yK}) (3)

where ¢ represents the phoneme sequence pre-
dicted by the model, and {y1, ..., yx } denotes the
set of valid reference pronunciations for a given
word in a specific dialect. The operator PER iy, re-
turns the lowest PER value among all comparisons
between the predicted sequence and the available
pronunciation variants.

5.4 Results

Training was executed for 10 complete epochs and
presented progressive convergence, as illustrated
in Figure 5.

In the first epoch, a training loss of 2.0095 and
validation loss of 1.0163 were observed, with a Per
Min of 4.57%. The model demonstrated consistent
convergence, with training loss steadily decreasing
from 2.0095 in the first epoch to 1.9664 in the tenth
epoch. The validation loss followed a similar trajec-
tory, dropping from 1.0163 to 1.0015, reaching its
minimum value of 1.0014 in epoch 8, which also
registered the best Per Min of 3.6%. Starting from
the sixth epoch, the model exhibited stable behav-
ior, with validation loss remaining between 1.0015
and 1.0017 through the tenth epoch, suggesting
that the learning process had reached convergence.
The evolution illustrated in Figure 5 reflects suc-
cessful acquisition of G2P mappings and dialectal
variation patterns,

Table 3 presents model performance segmented
by dialect, revealing substantial differences corre-
lated to the sample size of each regional variety.

Dialect No. Examples | Min. PER (%)
Sao Paulo 1,141 1.93

Rio de Janeiro 2,373 3.08
Brazil (general) 5,316 6.07

South Region 2,131 2.36
Northeast Region 32 78.12
Center-West Region 7 42.86

Table 3: Model performance (Minimum PER) by dialect
in the validation set.

The results demonstrate a strong correlation be-
tween training data volume and prediction quality.
Dialects with greater representation in the corpus,
such as Sao Paulo (N=1,141, Min PER=1.93%),
Rio de Janeiro (N=2,373, Min PER=3.08%), and
South Region (N=2,131, Min PER=2.36%), pre-
sented superior performance, while underrepre-
sented dialects such as Northeast Region (N=32,
Min PER=78.12%) and Center-West Region (N=7,
Min PER=42.86%) exhibited substantially higher
error rates. This pattern is typical of low-
resource settings, where limited data availabil-
ity prevents adequate capture of dialect-specific
phonological patterns. The category “Brazil (gen-
eral)” (N=5,316) achieved intermediate perfor-
mance (Min PER=6.07%), consistent with its func-
tion of representing a generic phonological variety.

To evaluate the performance of the BIPA-ByT5
model against its Multilingual ByT5 counterpart
(Zhu et al., 2022), both models were assessed on the
test set of the standard Brazilian dialect using IPA
transcriptions. Table 4 presents the performance
comparison:

The results demonstrate that the BIPA-ByT5-
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Model J Min. PER (%)
BIPA-ByT5 6.07
CharsiuG2P Zhu et al. (2022) 29.32
BIPA-ByT5 (Normalized) 4.81
CharsiuG2P Zhu et al. (2022)(Normalized) 6.4

Table 4: Comparison between BIPA-ByT5 model and
Multilingual ByT5 (CharsiuG2P) for Brazilian Por-
tuguese G2P conversion.

G2P model achieved substantially superior per-
formance, with a minimum PER of 6.07%, rep-
resenting a reduction of approximately 79.3% in
phonetic error compared to the Multilingual ByT5
model (Min PER=29.32%). Additionally, a nor-
malization experiment was conducted in which
prosody marks, such as primary stress and period
(e.g., 'pra.te” to prate”), were removed from input
phonetic sequences. In this condition, both models
showed substantial improvement in minimum PER,
with BIPA-ByTS5 reducing the error to 4.81% and
CharsiuG2P to 6.40%, which suggests that part of
the difficulty of the multilingual model is precisely
associated with its lower capacity to explore ex-
plicit prosodic information due to the information
used in training.

Center-West Region — inteiro
Prediction ite(j).ru

Targets [ite(j).c"]

Min PER |  10.00%

Result Brazil Dialect
South Region- noite

Prediction  'noj.te

Targets ['noj.te], [nor.te]

Min PER |  0.00
Result Correct
Sao Paulo - ectomorfo

Prediction ‘ek.to'moh.fu

Targets ['ek.to'mos.fu], ['ek.to'moh.fu],
['ek.to'mor.fu]

MinPER | 7.69%

Result Vowel error [0] — [0]

Northeast Region — mainha

Prediction =~ me'i.pa
Targets [me'i.e]
Min PER | 14.29%

Result Brazil Dialect

Table 5: Examples of model predictions illustrating
perfect hits, partial errors, and crossed dialect errors.

Table 5 illustrates four prediction scenarios of
the model. A perfect hit is observed in the South
Region, where noite reaches Min PER = 0.00%,
demonstrating accurate phonological mapping for
well-represented dialects. Partial errors appear in
Sao Paulo, as in ectomorfo (Min PER = 7.69%),
with vowel confusion between [0] and [0], and in
the Center-West Region, where inteiro (Min PER
= 10.00%) reveals a cross-dialect regression to the
“Brazil (general)” standard, predicting [ite(j).ru] in-

stead of the expected variant [ite(j).r"]. The most
critical case is observed in the Northeast Region,
where mainha reaches Min PER = 14.29%, with
the model again regressing to the “Brazil (general)”
standard rather than producing the expected variant
[m@'i.e]. These results indicate that neural mod-
els prioritize majority patterns in unbalanced data
scenarios, reinforcing the need for greater sample
coverage for minority dialects.

6 Conclusion

This work addressed the challenge of building
grapheme-to-phoneme (G2P) conversion systems
for Brazilian Portuguese that account for regional
dialectal variation, responding to the scarcity of re-
sources for this language spoken by more than 260
million people (Eberhard et al., 2025). Through
automated extraction from Wiktionary, the BIPA
dataset was constructed containing 53,353 unique
words and 350,021 phonetic transcriptions in IPA
format, distributed among Brazilian dialects (Rio
de Janeiro, Sao Paulo, South Region, Northeast Re-
gion, and Center-West Region). To demonstrate the
effectiveness of the dataset, the ByT5-small model
was fine-tuned for 10 epochs, achieving a Mini-
mum PER of 3.6% in the best epoch. The public
availability of the corpus and trained model con-
tributes to democratizing technological resources
for Brazilian Portuguese, enabling advances in dig-
ital accessibility and preservation of the language’s
phonetic diversity.

Future research directions include integrating
the BIPA Corpus into the training of text-to-speech
(TTS) and automatic speech recognition (ASR) sys-
tems, which represents a promising approach for
evaluating the naturalness and intelligibility of pre-
dictions in real-world contexts. Additionally, future
work should investigate model architectures opti-
mized for inference speed and reduced size, as well
as specialized architectures for few-shot scenarios
to mitigate dialectal imbalance.
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