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Abstract. Spontaneous speech presents several challenges for speech
synthesis, particularly in capturing the natural flow of conversation, in-
cluding turn-taking, pauses, and disfluencies. Although speech synthesis
systems have made significant progress in generating natural and in-
telligible speech, primarily through architectures that implicitly model
prosodic features such as pitch, intensity, and duration, the construction
of datasets with explicit prosodic segmentation and their impact on spon-
taneous speech synthesis remains largely unexplored. This paper evalu-
ates the effects of manual and automatic prosodic segmentation annota-
tions in Brazilian Portuguese on the quality of speech synthesized by a
non-autoregressive model, FastSpeech 2. Experimental results show that
training with prosodic segmentation produced slightly more intelligible
and acoustically natural speech. While automatic segmentation tends to
create more regular segments, manual prosodic segmentation introduces
greater variability, which contributes to more natural prosody. Analysis
of neutral declarative utterances showed that both training approaches
reproduced the expected nuclear accent pattern, but the prosodic model
aligned more closely with natural pre-nuclear contours. To support re-
producibility and future research, all datasets, source codes, and trained
models are publicly available under the CC BY-NC-ND 4.0 license.

Keywords: Transcription and segmentation of datasets · Prosody of
TTS Models · Brazilian Portuguese.

1 Introduction

Text-to-Speech (TTS) systems have achieved significant progress in recent years,
particularly in generating natural and intelligible speech from text. Advances in
system architectures have enabled fine-grained control over synthesized speech by
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implicitly modeling various attributes, including emotion and prosodic features
such as pitch, intensity, and duration [28]. Additionally, incorporating regional
linguistic variations has become increasingly important to enhance the natural-
ness and authenticity of synthesized voices [18]. Nevertheless, there remains a
pressing need for conversational and spontaneous speech datasets, which are cru-
cial for training applications such as chatbots, virtual assistants, and interactive
storytelling systems [15].

The field of speech synthesis has witnessed significant advances, and research
in automatic speech recognition (ASR) has also made notable progress, partic-
ularly with the widespread adoption of systems such as OpenAI’s Whisper [21]
and related developments such as WhisperX [1], which enable fast ASR (up to
70× real-time transcription) based on the Whisper large-v2 model. As a result,
several datasets for low-resource languages have become available through the
use of ASR tools, often supplemented with further human revision [14]. However,
an important concern remains: Are we losing critical prosodic information when
using ASR systems to transcribe and segment spontaneous speech?

The relationship between speech synthesis and prosody has been studied
for decades. For example, [24] presents a collection of papers on computational
approaches to processing spontaneous speech prosody, exploring the generation
and modeling of prosody in computational synthesis. The evaluation of prosodic
aspects of synthesized speech also has a long history — studies such as [12] and
[7] employed objective metrics to assess prosodic features, such as Root Mean
Squared Error (RMSE) related to pitch, duration, and intensity. Recent studies
on prosody related to speech synthesis aim to incorporate more objective metrics
to perform a comprehensive acoustic analysis to evaluate quality, naturalness,
and intelligibility. These metrics complement the predominant — and costly —
subjective evaluation method used in TTS: the Mean Opinion Score (MOS) [6].

The appropriate use of pauses and pause duration, naturally employed by
human speakers, enhances speech intelligibility by aiding in the interpretation
of speech meaning [16]. In addition, pauses mark the boundaries of intonation
groups and can align with syntactic boundaries within and between utterances
[27]. Along with pauses, the lengthening of the speech rate at the end of a seg-
ment, combined with acceleration at the beginning, known as discontinuities
in the speech rate, serves as cues to identify boundaries and facilitates natural
turn-taking in spontaneous conversations [3]. These boundaries can be delin-
eated by intonation units (IUs), which are segmentation units defined based on
prosodic features [25]. Among the various theoretical perspectives for analyz-
ing these units, [22] divides them into non-terminal breaks (NTB) and terminal
breaks (TB), where Terminal Boundaries mark the conclusion of the utterance
and Non-Terminal Boundaries mark breaks of non-conclusive sequences of the
utterance.

This study examines the influence of manual and automatic annotations
of prosodic boundaries in Brazilian Portuguese on the quality of synthesized
speech. In particular, it assesses the capacity of a non-autoregressive (NAR)
TTS model, FastSpeech 2[23], to capture prosodic information when trained
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on a dataset manually segmented according to terminal intonation units. For
comparison purposes, the same model is trained on segments automatically gen-
erated and transcribed by WhisperX, without subsequent human revision. This
work seeks to address the current gap in the evaluation of prosodic annotations
for Brazilian Portuguese and to provide results that may support future research
in the training of spontaneous style text-to-speech synthesis models.

The key contributions of this work are as follows: (1) we present a compre-
hensive comparison between manual and automatic segmentation techniques,
highlighting certain limitations of automatic segmentation; (2) we demonstrate
the benefits and importance of prosodic segmentation for spontaneous speech
synthesis; and (3) our code, datasets, and checkpoints are publicly available6.

2 NURC-SP Minimal Corpus

To evaluate the impact of prosodic segmentation on spontaneous speech synthe-
sis, we selected the Brazilian Portuguese NURC-SP Minimal Corpus (NURC-SP
MC) dataset [25], which was manually annotated by human evaluators. Addi-
tionally, we created a version of the dataset that was automatically segmented
and transcribed (Section 3.1).

NURC-SP MC [25] is composed of 21 pairs of audio-transcription, although
one of them (SP_D2_062) was removed from the dataset used in this study
as its audio quality was not good (the voice is shaky) for training TTS. The
remaining pairs of NURC-SP MC are composed of: (i) 6 Formal Elocutions (EF);
(ii) 5 formal dialogues between the speakers, with the presence of a documenter
(D2); (iii) 9 interviews about different topics, carried out by an interviewer with
the interviewee (DID). NURC-SP MC was chosen because of its size, variety of
text genres, and quality of annotation. The team of 6 linguists who annotated
the dataset underwent annotation training, carried out in Praat [4], and the
inter-rater reliability on prosodic segmentation reached a kappa value above 0.8,
indicating substantial agreement in terms of consistent annotation.

Although speech segmentation can be performed at different units (phones,
syllables, stress groups, IUs, utterances, turns, and even larger domains), the
adoption of a segmentation unit that takes into account prosodic features, such
as the IU, has been a common practice in spontaneous speech corpora of several
languages [3]. Although IUs can be analysed from different theoretical perspec-
tives, the boundaries of IUs are associated, in most definitions, with a set of
typical acoustic features: (i) a coherent and unified pitch contour; (ii) boundary
tones; (iii) pitch reset or pitch register change; (iv) pause; (v) one or more final
syllable lengthening; (vi) change in speech rate at the end or beginning of a unit;
and (vii) intensity changes [25].

The concept of intonation unit used in NURC-SP MC follows the prosodic
segmentation model established by C-ORAL-BRASIL7. Accordingly, NURC-SP
MC is annotated with prosodic boundaries (or breaks) marked as either terminal
6 It will be made publicly available once the blind-review process is complete
7 https://www.c-oral-brasil.org/
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or non-terminal as already defined in Section 1. It is important to notice that
non-terminal prosodic breaks signal a non-autonomous prosodic unit inside the
same utterance.

First, automatic forced alignment between the audio and the original tran-
scription was performed using aeneas8, which requires segmenting the text into
excerpts. Thus, initially the text was segmented using the original annotation
for pause, indicated by ellipsis in the NURC project9, and turn-shifts between
speakers, indicated by a line break followed by the next speaker’s identifica-
tion abbreviation. Then, the identification of prosodic breaks was based on the
perceptual (auditory) relevance of prosodic cues, but the annotators were also
oriented to rely on the visual inspection10 of the acoustic signal provided by
Praat. The main cues to a prosodic break in Brazilian Portuguese are pause
insertion, changes related to fundamental frequency (F0), and duration.

It is important to notice that there are some minor differences from the defi-
nitions used in CORAL-BRASIL I, as NURC-SP MC did not make a distinction
between interrupted, abandoned utterances (called a false start) and regular,
concluded TBs. Furthermore, unlike CORAL-BRASIL I, NURC-SP MC seg-
mented laughs as separate units. On the other hand, filled pauses (such as “uh”,
“ah”, “hmm”), false starts phenomena, and truncated words, for example, were
not segmented into separate units as is the case with C-ORAL-BRASIL I.

NURC-SP MC uses multilevel transcriptions that consist of the following in-
terval layers annotated in the speech analysis program Praat. See Figure 1 for
an illustration of five layers in Praat: (i) 2 layers for TB and NTB in which the
speech of each main speaker (-L1, -L2) and documenter (-Doc1, -Doc2) is seg-
mented into prosodic units and transcribed according to standards adapted from
the NURC project; (ii) 1 layer (LA) for transcribed and segmented speech from
any additional speaker; (iii) 1 layer for comments regarding the audio recording;
(iv) 1 layer containing the normalized (-normal) version of the transcript of all
TB and LA layers; and (v) 1 layer containing the punctuation (-point) that ends
each TB (. ? ! . . . ).

3 Experiments

Our experiments address the following questions: (i) whether there are statisti-
cally significant differences between natural and synthesized speech from models
trained with the prosodic and automatic datasets, via acoustic features, including
fundamental frequency (F0); (ii) whether there are differences between manual
and automatic segmentation (the average number of segments, the average size
of segments, among others); and (iii) whether there are differences in intelligi-
bility of speech synthesized by models trained with the prosodic and automatic
datasets, via Word Error Rate (WER) and Character Error Rate (CER).
8 https://github.com/readbeyond/aeneas
9 https://nurc.fflch.usp.br/

10 The oscillogram and the spectrogram with the blue line showing the variation of the
F0 curve throughout the recording were used by the annotators.
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Fig. 1. Excerpt from the SP_EF_153 inquiry with five layers annotated in Praat: the
first layer is used to indicate the punctuation that ends each TB (. ? ! . . . ), the second
contains the normalized excerpt, i.e. without the annotation used for transcription in
the NURC project, the next two for each speaker that appears in the inquiry (TB-L1,
NTB-L1) and the last one for comments on the audio recording (com) [25].

We employed the manually annotated NURC-SP MC dataset and created an
automatic version of the dataset using the WhisperX ASR model. WhisperX is a
system designed for efficient transcription of long-form audio, providing accurate
word-level timestamps. It was selected due to its state-of-the-art performance in
automatic speech recognition and speech segmentation. Moreover, WhisperX has
recently been used in the development of several open-source datasets [14, 9, 17].

3.1 Datasets Preprocessing

We duplicated the 20 NURC-SP MC audio files to segment and transcribe them
using WhisperX as well, and named this dataset “automatic”11.

The original NURC-SP MC, which was manually transcribed in the 1970s,
was revised before the manual prosodic annotation of segmentation was under-
taken; in this study, it was called “prosodic”12.

We split both subsets (automatic and prosodic) into three sets:

1. 7527 segments from 19 inquiries (about 11 hours and 50 minutes) for training
the prosodic model and 9870 segments from 19 inquiries (about 15 hours
and 50 minutes) for training the automatic model;

2. 473 segments from the same 19 inquiries (about 42 minutes) for validation
of prosodic model and 500 segments from the same 19 inquiries (about 44
minutes) for validation of the automatic model; and

3. one inquiry (DID_234) was separated for testing both models. Specifically,
we selected 30 segments of the speaker L1 of DID_234 for the acoustic
analysis (Section 5.2) and all the segments of the speaker L1 of DID_234
(361 segments) for evaluating intelligibility (Section 5.1).

11 It is available at (omitted due to blind review)
12 It is available at (omitted due to blind review)
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The selection of segments for the validation set respected the duration inter-
vals (short, medium, and long audios) and the representativeness of the inquiries.

To compose the subset called “prosodic”, it was used only terminal intonation
units (terminal boundaries mark the conclusion of the utterance) from NURC-
SP MC. For the subset called “automatic”, the 20 audio files of NURC-SP MC
were segmented and transcribed by WhisperX.

The prosodic subset has 12:32:25 hours , and the automatic subset has
16:33:54 hours. The difference (4 hours, 1 minute, 29 seconds) is due to three
factors: (i) the header13 of each file that was preserved in the automatic subset;
(ii) transcriptions containing only unintelligible segments and emotion sounds
(e.g., laughter) were excluded from the prosodic subset; (iii) segments with
speaker overlap of more than 2 seconds were removed from the prosodic sub-
set; as well when the overlapping was greater than 50% of the total time. The
quality of intelligibility was also verified via transcription using Whisper, and
segments with a CER > 0.6 were removed. In our preliminary experiments, we
observed that neither the “automatic” nor the “prosodic” subsets alone were suffi-
cient to achieve convergence in the TTS models. We believe this is due to the size
and characteristics of the dataset. To enable successful training, we included the
Portuguese subset of the CML-TTS [20] dataset in the training data for both the
“automatic” and “prosodic” subsets. CML-TTS comprises audiobooks in seven
languages: Dutch, French, German, Italian, Portuguese, Polish, and Spanish. For
this work, only the Portuguese audio files were utilized, resulting in 59 hours (30
speakers) of data after the pre-processing.

3.2 TTS Experiments

In this study, we adopted the FastSpeech 2 TTS model [23]. FastSpeech 2 is a
transformer-based non-autoregressive model with a simple structure that gener-
ates greater variation in speech by explicitly modeling three prosodic features:
duration, pitch, and energy. Specifically, duration, pitch, and energy are ex-
tracted from the speech waveform and directly used as conditional inputs during
training; during inference, the model utilizes the predicted values. We selected
this model because it explicitly models prosodic features through dedicated pitch,
energy, and duration predictors, enabling the manipulation of these features dur-
ing inference. We employed an open-source implementation of the model14, and
the training procedure follows a pipeline consisting of the following steps:

1. Prepare align: Audio files and transcriptions for each segment were extracted
from original datasets and saved in .lab and .wav files inside a folder named
after each speaker code;

13 The header includes information about inquiries (e.g. audio duration, recording date)
and about main speakers (e.g. gender, age).

14 https://github.com/ming024/FastSpeech2
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2. MFA Align 1: The tool Montreal Forced Aligner15 was applied to transform
graphemes to phonemes using the pretrained model portuguese_brazil_mfa
and a lexicon dictionary was generated in a text file;

3. MFA Align 2: MFA align command was used to process the raw data and
generate the alignments in TextGrid format;

4. From that, a pre-processing script generated estimated values for energy
and pitch, a json file with speakers codes and a train/validation text files
with phonetic transcriptions. Validation subset was a selection of 1% random
segments;

5. Finally, the model was trained with the preprocessed data on a RTX 4070
GPU for 720k steps (in approximately 4 days).

For a fair comparison, this pipeline was executed twice: once for the CML-
TTS subset combined with the NURC-SP MC “prosodic” dataset, and once for
the CML-TTS subset combined with the NURC-SP MC “automatic” dataset.
Since the implemented pipeline already included an automatic train-dev split,
we used all segments from our dataset as input. Audio samples16 from both
experiments are available for evaluation.

4 Evaluation of Prosodic and Automatic Segmentation
Methods

We compared the NURC-SP MC “prosodic” and NURC-SP MC “automatic”
datasets to identify the weaknesses of automatic segmentation. First, we pre-
processed both datasets as described in Section 4.1. Subsequently, we conducted
several statistical analyses to highlight the differences between the two segmen-
tation methods, as presented in Section 4.2.

4.1 Preprocessing and Alignment

To simplify the analysis of segmentations, both human and automatic transcrip-
tions underwent a normalization process. Initially, the text was converted to
lowercase, and punctuation was removed. Subsequently, numbers were converted
to their full textual form using the python library num2words, and whitespaces
were removed. Following this, all segments were written into two text files, word
by word, with the special token [seg] inserted at the location of each segmenta-
tion (manual or automatic). As WhisperX’s audios contain additional headers for
metadata extraction, such headers were removed from automatic transcriptions
for a fair comparison with manual transcriptions.

For segment alignment, we used Python’s ndiff function17. This is equivalent
to organizing transcription tokens, including segmentation labels, line by line,
and executing the diff command used in version control management systems
15 https://montreal-forced-aligner.readthedocs.io/en/latest/
16 https://sites.google.com/view/bracis25-prosod-blind-review/home
17 https://docs.python.org/3/library/difflib.html
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for source code, such as GIT18. This allowed us to align both segmentation
lists, capturing the number of differences, insertions, and deletions. Based on
this output, we were able to identify the matches and mismatches between both
automatic and prosodic segmentation boundaries and to be able to calculate
the metrics mentioned previously. This approach enabled a detailed analysis of
the alignment between segments and quantitative insights into each boundary
strategy.

4.2 Statistics of Segmentation

Table 1 presents statistics regarding the segmentation process. In total, the au-
tomatic process resulted in 130,220 tokens while the manual (prosodic) segmen-
tation totaled 112,023 tokens. This difference is mainly due to the removal of
1,750 segments from the prosodic version, due to laughter, voice overlap or un-
intelligible segments (see Section 3.1), although other factors also play a role
in this difference, for example, different styles of transcription for disfluencies
(e.g.: word repetitions and hesitations) and minor transcription errors in the
WhisperX’s transcriptions19.

Table 1. Token and Segment Statistics

Metrics Auto Prosodic Diff
Total Tokens 130,220 112,023 18,197
Total Segments 10,182 7,816 2,366
Average Tokens per Segment 12.79 (± 9.69) 14.33 (± 13) 2.14
Average Segments per Interview 536 (± 233.18) 411 (± 232.78) 125

Our results also show a difference in the number of total segments. Manual
transcriptions use fewer segments (≈ 7k) than WhisperX’s ones (≈ 10k), even
considering the removal of 1,750 from the prosodic version. It is important to
note that manual transcriptions in this work use only TB’s. This number should
be higher if we were using NTB instead (see Figure 1). Also, annotators do not
face WhisperX’s restriction on audio length uniformity (maximum 30 seconds),
which may also result in a slight reduction in the total number of segments.
More importantly, the automatic method generates 12.79 tokens per segment, on
average, while the prosodic method generates 14.33 segments. This indicates that
the prosodic segments tend to be larger. This is partially explained by disfluencies
in manual transcriptions and errors in automatic transcriptions. However, the
main factor is that manual transcriptions are longer, as TBs focus on complete
utterances, capturing more information, without being restricted by maximum
length constraints.
18 https://git-scm.com/
19 Headers present in WhisperX’s transcriptions were removed in this version, as indi-

cated in Section 4.1
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Figure 2 presents the average tokens per segment of the automatic and
prosodic segmentations. Although WhisperX’s segmentation was not originally

Fig. 2. Automatic vs. Prosodic: Averages by Token and Segment

conceived or trained to detect prosodic boundaries, it is useful to compare how
well WhisperX’s segments align with prosodic segments. To do so, we considered
prosodic segment boundaries as ground truth labels, and WhisperX’s segments
as boundary predictions. We considered that a segment from WhisperX is aligned
with a segment prosodic boundary when they both occur between a given pair
of words, rather than looking for a precise timestamp in the audio. Therefore,
this problem can be thought of as a binary classification problem that indicates
whether there is a segment boundary between any pair of words, which allowed
us to calculate precision, recall, and F1-score for the positive class (the presence
of a boundary).

As a result, we obtained a precision of 60.95% and a recall of 79.40%, resulting
in an F1-score of 68.96%. In this context, precision increases when automatic
segments do not occur outside prosodic boundaries. Similarly, recall increases
when automatic segments do occur within prosodic boundaries. The fact that
recall is higher than precision indicates that WhisperX tends to segment at
prosodic boundaries. The smaller precision also indicates that WhisperX inserts
more boundaries than the manual process, for the reasons previously discussed.
Figure 3 presents individual metrics for each inquiry. It should be noticed that
there is a small variation in automatic segmentation (red line), while prosodic
segmentation varies more. This result is expected because prosodic segmentation
focuses on information units rather than on audio length.
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Fig. 3. Precision, Recall, and F1-Score by Inquiry.

5 Results of TTS Intelligibility and Acoustic Analysis of
Prosodic Features

5.1 Intelligibility

To evaluate the intelligibility of the synthesized audios, we used an ASR model20
that uses two large spontaneous speech datasets in Brazilian Portuguese to tran-
scribe them and calculate CER and WER with the human-annotated labels. For
comparison, we also transcribed the original test audios with the same model.
These metrics are commonly used in the TTS field [5, 11, 13] and provide insights
into pronunciation accuracy, reflecting the impact of the segmentation process.

A total of 361 segments were synthesized for the speaker L1 of DID_234 (SP-
DID-234-TB-L1) with the automatic and prosodic FastSpeech 2 checkpoints,
ending up with 1083 total audios (including the segments of the ground truth
original). The CER/WER averages for the three audios for each segment ground
CER = 0.09, ground WER = 0.16, auto CER = 0.35, auto WER = 0.50, prosodic
CER = 0.31, prosodic WER = 0.43. The prosodic values were slightly better than
automatic ones (we applied T-Test for auto and prosodic averages, ending with
WER(t=2.589, p-value<0.01) and CER(t=1.796, p-value=0.07). Although the
CER average was not statistically significant, it is close to the 0.05 threshold.

The CSV file with all transcriptions and individual CER/WER is available
at our GitHub repository (omitted due to blind review).

5.2 Acoustic Analysis of Prosodic Features

Regarding the acoustic analysis, we used a sample of natural speech for the test-
ing phase of our experiment in order to prosodically compare it with the utter-
20 https://huggingface.co/nilc-nlp/distil-whisper-coraa-mupe-asr
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ances synthesized by FastSpeech 2. We selected the speaker SP-DID-234-TB-L1,
as it represents a DID (Dialog between Informant and Documenter) recording,
providing high-quality material for prosodic analysis and utterance selection.
This speaker also presented the largest number of segments among all samples
belonging to the DID genre. For the purposes of this study, we selected 30 neu-
tral declarative utterances, free from emphasis, turn-taking overlap, laughter,
noise, or other paralinguistic elements. Each utterance contained either a sin-
gle terminal break (TB) or a non-terminal break (NTB) within a TB. Selecting
neutral declarative utterances from a spontaneous speech corpus is a challenging
task; therefore, 30 utterances were the maximum number closely matching the
established criteria

For the prosodic annotation, four points on the F0 contour were annotated in
each of the 30 utterances, based on both existing literature and visual inspection
of the contour. Specifically, the onset point (ons) corresponds to the first syllable
of the intonational unit; the pre-nuclear point (prnuc) marks the lowest F0 value
before the nuclear accent; the nuclear point (nuc) identifies the highest F0 peak,
typically associated with neutral declarative utterances in Brazilian Portuguese;
and the post-nuclear point (psnuc) corresponds to the lowest movement during
the final F0 fall. These points were selected to examine the F0 curve in natural
speech and to compare it with the corresponding curve in synthesized speech.

For this purpose, we extracted the maximum F0 value at each annotated
point using the AnalyseTier script [10], following standard practices in the liter-
ature [26]. The extracted values were exported to a spreadsheet, and the mean
F0 values for each point, in both natural and synthesized speech, were calculated
to support the subsequent statistical analysis (see Figure 4).

Fig. 4. Average of four F0 contour points in the original audio and trained TTS models

We calculated how closely each FastSpeech 2 training approach approximated
natural speech, using root mean square error (RMSE) to measure the discrep-
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ancy between the observed values in the curve. The higher the numerical value
of the model, the farther it is from the original audio. The RMSE calculation re-
sulted in a value of approximately 39.07 Hz between FastSpeech 2 with prosodic
segmentation and natural speech, which means that the curve generated by Fast-
Speech 2, after being trained with a manually segmented dataset, is relatively
closer to the natural one when compared to the curve generated by FastSpeech 2
with automatic segmentation, which is slightly more distant from original speech
(RMSE = approximately 44.05 Hz). To compare the average values of differ-
ent prosodic points among the three groups, we performed separate univariate
ANOVAs. The results showed a significant difference for onset (p-value<0.01),
pre-nuclear (p-value=0.05), and post-nuclear (p-value<0.01) points, but no sig-
nificant difference for the nuclear point (p-value=0.86). We also conducted a
Tukey post-hoc test to explore which groups differed from each other and at
which points. For the onset variable, both FastSpeech 2 training versions signif-
icantly differed from natural speech, while the two model versions were closer
to each other. This means that the difference between the model and natural
speech is noticeable right at the beginning of the utterances.

In the pre-nuclear position, there was no significant difference between the
original audio and FastSpeech 2 with prosodic segmentation (p-value=0.08),
making it closer to natural speech at this point than FastSpeech 2 with auto-
matic segmentation (p-value=0.04). At the nuclear point, there was no significant
difference between the three groups, as previously indicated by the ANOVA — in
other words, no significant difference between natural speech and the two Fast-
Speech 2 training versions. This shows that the model was able to reproduce the
nuclear accent that characterizes declarative utterances in Brazilian Portuguese
[19]. The post-nuclear point differed significantly between both FastSpeech 2
models and natural speech. Even though there was a statistical difference be-
tween the model trainings and natural audio, it is important to consider the
overall behavior of the intonational curve. From a linguistic perspective, the
shape of the curve may matter more than just the individual average values of
the four points. A visual interpretation shows that FastSpeech 2 with prosodic
segmentation produces a curve with a low pre-nuclear point that precedes the
rise of the nuclear accent peak, just like natural speech, while FastSpeech 2 with
automatic segmentation shows a simple downward linear slope.

We also examined the average F0 variation of the utterances in semitones
(relative to 100 Hz), based on the maximum F0 values. The ANOVA result indi-
cated that there was a significant difference between the groups (p-value<0.01),
then we perform a post-hoc test. While the two FastSpeech 2 training methods
did not differ from each other (p-value=0.99), neither was able to approximate
natural speech (Prosodic segmentation = p-value<0.01, Automatic segmentation
= p-value<0.01). Humans discriminate F0 variation more effectively when it is
measured in semitones, since we are more sensitive to changes in lower frequen-
cies than in higher ones [2]. These results regarding F0 variation can objectively
explain why this speech sounds less natural.
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6 Conclusions

This study evaluated the impact of manual versus automatic prosodic boundary
segmentation in Brazilian Portuguese on the quality of synthesized spontaneous
speech. The main objective was to determine whether incorporating human-
annotated prosodic boundaries into a TTS training corpus could improve the
performance of an NAR TTS model compared to using automatically segmented
data. By comparing these two approaches, we aimed to assess differences in
intelligibility and how closely the synthetic speech aligns with natural prosodic
patterns.

The results indicate that models trained with manually segmented prosodic
data achieved slightly better performance than those trained with automatic seg-
mentation. In particular, the FastSpeech 2 model trained on the prosodic dataset
produced speech that was marginally more intelligible (as evidenced by a lower
WER/CER) and acoustically closer to natural speech. For example, acoustic
analyses of intonation contours showed that the prosody-informed model more
accurately reproduced natural pitch patterns in neutral declarative utterances.
In contrast, the model trained on automatically segmented data (using Whis-
perX) yielded more uniform speech segments and a flatter overall intonation,
missing some of the expressive variability present in natural prosody. These
findings suggest that explicit prosodic boundary annotation provides a modest
but measurable advantage in capturing the nuances of spontaneous speech. No-
tably, the automatic segmentation method demonstrated promising performance
in detecting prosodic breaks. The WhisperX-based pipeline achieved high recall
of the boundaries marked by human annotators, illustrating its potential for
efficient corpus building. However, there remains a noticeable gap between the
two segmentation approaches in terms of speech naturalness. The automatically
segmented dataset did not fully capture the variability and subtle prosodic cues
that human annotation provided. As a result, the synthetic speech from the
automatic approach sounded less dynamic and natural compared to the speech
from the prosodically segmented dataset. This gap highlights that current auto-
matic methods, despite their convenience, cannot yet replicate the rich prosodic
patterns that come from careful manual segmentation. This study reinforces
that careful evaluation of prosodic and acoustic characteristics is crucial for ad-
vancing automatic speech synthesis systems. Analyses of features such as pitch
contours provided objective evidence of how segmentation strategies influence
the naturalness and intelligibility of the output. Incorporating such evaluations
into the development cycle of TTS systems is essential to bridge the gap be-
tween synthetic and natural speech, particularly in applications that demand
conversational fluency and expressive variability.

This work has certain limitations that must be acknowledged. The scope of
our experiments was restricted to a relatively small dataset of Brazilian Por-
tuguese spontaneous speech, which may limit the generalizability of the con-
clusions to other languages or speaking styles. Additionally, the automatic seg-
mentation using WhisperX, while effective for generating aligned transcripts, is
not specifically tailored to prosodic boundary detection; this limitation likely
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affected the quality of the automatically segmented training data. Future efforts
will focus on expanding and diversifying prosodically annotated corpora, which
would provide more data for training and enable a deeper analysis of prosody
in TTS. We also plan to refine automatic segmentation techniques — for in-
stance, by incorporating acoustic-prosodic cues or developing dedicated prosody
segmentation models — to narrow the gap between automatic and manual seg-
mentation performance. Indeed, there are some methods that explicitly model
speech prosody to build automatic prosody annotation for Chinese [8] and En-
glish [29]. Moreover, it will be important to evaluate the benefits of prosodic
segmentation in different conditions, including other genres of speech, to verify
that the advantages observed here extend beyond Brazilian Portuguese. Addi-
tionally, we plan to expand our study to include other TTS models, such as
autoregressive and flow-matching-based architectures.
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