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Abstract—This paper presents TTSOps, a fully automated
closed-loop framework for constructing multi-speaker text-to-
speech (TTS) systems from noisy, uncurated web-scale speech
data, often referred to as ‘““dark data,” such as online videos. Con-
ventional TTS training pipelines require well-curated corpora
with high acoustic quality and accurate text-speech alignment,
which severely limits scalability, speaker diversity, and real-
world applicability. While recent studies have proposed acoustic-
quality-based data selection techniques, they often overlook two
critical aspects: (1) the inherent robustness of modern TTS mod-
els to noise, and (2) the potential contribution of perceptually low-
quality yet informative samples. To address these issues, TTSOps
introduces a data-centric training pipeline that integrates three
core components: (1) automated data collection from dark data
sources, (2) utterance-level dynamic selection of data cleansing
methods based on training data quality, and (3) evaluation-in-the-
loop data selection using automatically predicted mean opinion
scores (MOS) to estimate each utterance’s impact on model
performance. Furthermore, TTSOps jointly optimizes the corpus
and the TTS model in a closed-loop framework by dynamically
adapting both data selection and data cleansing processes to the
characteristics of the target TTS model. Extensive experiments
on Japanese YouTube data demonstrate that TTSOps outper-
forms conventional acoustic-quality-based baselines in both the
naturalness and speaker diversity of synthesized speech.

Index Terms—Text-to-speech synthesis, dark data, multi-
speaker TTS, data-centric Al, data selection, data cleansing,
closed-loop training.

I. INTRODUCTION

EURAL text-to-speech (TTS) systems have made re-
markable advances in recent years, enabling the synthesis
of speech with human-level naturalness and intelligibility [1]-
[4]. These advancements are largely driven by deep generative
models and the availability of large-scale, high-quality cor-
pora. Multi-speaker TTS models have further enabled flexible
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speaker control [5]-[8]. However, they still rely heavily on
curated datasets with clean audio and accurate text—speech
alignments. This reliance significantly limits speaker diversity
and scalability in real-world applications.

In contrast, vast amounts of speech data already exist on
the internet in the form of user-generated content, such as
YouTube videos. This so-called “dark data” [9], [10] offers
rich diversity in speaker identities, speaking styles, and record-
ing environments, making it a potentially valuable resource
for building multi-speaker TTS systems. However, these real-
world recordings are typically noisy, weakly labeled, and often
misaligned with their transcripts, rendering them unsuitable for
direct use in TTS training. As a result, effective data selection
and data cleansing are essential for leveraging dark data in
high-quality multi-speaker TTS synthesis.

Conventional data selection methods for TTS often rely on
predetermined metrics, especially acoustic quality (e.g., signal-
to-noise ratio), to identify and retain “clean” utterances [11]-
[14]. While this approach helps eliminate overtly corrupted
or distorted samples, it assumes that acoustic quality is a
sufficient proxy for the sample’s effectiveness in training a
TTS model. However, recent advances in neural TTS have
demonstrated that models exhibit increasing robustness to
acoustic imperfections [15], [16], and that even perceptually
low-quality samples can meaningfully contribute to model
performance. As a result, selection strategies based solely on
predetermined, model-agnostic criteria often fail to capture
what truly matters for model training, leading to an increasing
discrepancy between perceived acoustic quality and the actual
effectiveness of data for model training—a property we refer
to as training data quality.

In addition to data selection, most existing pipelines apply a
single, uniform data cleansing method—such as denoising or
restoration—to all training data, regardless of the individual
characteristics of each utterance [17], [18]. Although such
approaches aim to enhance overall audio quality, they fail to
account for the inherent heterogeneity of dark data, where
the optimal data cleansing strategy may vary significantly
across samples. Some utterances may benefit from noise
suppression, others from speech restoration, and some may
already be clean—potentially degraded by unnecessary data
cleansing. This mismatch underscores the need for utterance-
level adaptive data cleansing, in which the optimal method
is dynamically selected to maximize each sample’s utility for
model training.

To address these limitations, we propose T7SOps, a fully

0000-0000/00$00.00 © 2021 IEEE



JOURNAL OF KX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021

automated training pipeline for multi-speaker TTS that
integrates both data selection and data cleansing into a unified
framework. The core idea of TTSOps is to assess the training
data quality of each utterance—defined as its expected con-
tribution to downstream model performance—and to use this
assessment to inform two key decisions: (1) whether to include
the utterance in training, and (2) which data cleansing method,
if any, should be applied. By embedding these decisions within
a evaluation-in-the-loop loop, TTSOps facilitates a model-
aware and performance-driven approach to corpus construction
from dark data.

To implement training-data-quality-based  selection,
TTSOps adopts an evaluation-in-the-loop strategy. For each
utterance, a TTS model is trained using that utterance as
part of the training data, followed by speech synthesis using
the resulting model. The perceptual quality of the generated
speech is then evaluated using a pre-trained pseudo MOS
predictor. The resulting pseudo MOS score serves as a proxy
for the utterance’s contribution to model output quality,
thereby quantifying its utility as training data. By applying
this process to a pool of candidate utterances, TTSOps
selectively constructs a training corpus that prioritizes
samples with the highest expected impact on learning.

In addition to data selection, TTSOps incorporates data-
wise data cleansing switching into the training-evaluation loop.
For each utterance, multiple data cleansing variants—such as
denoising, restoration, or no processing—are generated. Each
variant is then evaluated using the same pseudo MOS-based
procedure described earlier: a TTS model is trained using the
variant, synthetic speech is generated, and its training data
quality is estimated. The version with the highest estimated
training data quality is selected and included in the final
training corpus. This unified loop enables TTSOps to jointly
optimize both data selection and data cleansing in a model-
aware manner, dynamically adapting to the characteristics of
each utterance and the target TTS model.

We validate the effectiveness of TTSOps through exper-
iments on actual YouTube data—a representative source of
dark data characterized by high variability and minimal cura-
tion. The results demonstrate that TTSOps consistently out-
performs conventional approaches, including acoustic-quality-
based data selection and fixed data cleansing pipelines, when
evaluated in terms of predicted training data quality. In par-
ticular, TTSOps improves the pseudo MOS of synthesized
speech, increases the number of high-quality speakers, and
enhances speaker diversity—all aligned with the optimization
target used within the training loop. These findings highlight
the value of training data quality as a guiding signal for both
data selection and data cleansing, and demonstrate the promise
of data-centric corpus construction, especially in noisy and
heterogeneous settings.

This work extends our previous conference paper [19],
which introduced an evaluation-in-the-loop framework for
training data selection. The prior study focused solely on
utterance selection based on pseudo MOS scores, assuming
a fixed data cleansing pipeline and evaluating the method
under limited conditions (single TTS model, single corpus
size). In this journal extension, we substantially broaden the

methodology and experimental scope by introducing utterance-
level adaptive data cleansing switching, validating the frame-
work across multiple TTS architectures and corpus sizes, and
conducting large-scale experiments on real-world YouTube
data. These extensions demonstrate the generalizability and
robustness of TTSOps, and further underscore the central role
of training data quality in data-centric TTS system design.

II. RELATED WORK
A. Multi-speaker and Noise-Robust TTS

Recent advances in neural TTS have enabled models to
synthesize speech for multiple speakers by leveraging speaker
embeddings such as x-vectors [20]. Models such as Deep
Voice 3 [5] and various zero-shot adaptation techniques [7],
[8], [21], [22] have demonstrated the ability to generalize
to unseen speakers with limited data. In parallel, noise-
robust training approaches have been proposed to improve
synthesis quality under degraded conditions. These include
methods based on frame-level noise modeling [15], fine-
grained noise control [23], and degradation-robust represen-
tation learning [16].

However, conventional TTS works tend to focus exclusively
on improving model architectures, treating the training dataset
as a fixed, pre-defined resource. In such approaches, data cura-
tion and preprocessing are performed as offline steps prior to
model training, typically in a model-agnostic manner—despite
growing evidence that the quality, diversity, and relevance of
training data have a substantial impact on downstream perfor-
mance. In contrast, our work adopts a data-centric perspective
that treats corpus construction not as a static prerequisite,
but as a dynamic, model-aware process that co-evolves with
training.

B. Data Selection for TTS Corpus Construction

The performance of TTS models is highly sensitive to the
quality and diversity of the training data. Since collecting
well-curated corpora is expensive and time-consuming, sev-
eral automatic data selection methods have been proposed
to construct TTS corpora from speech resources such as
ASR datasets [11]-[14]. These methods typically rely on
predetermined metrics such as signal-to-noise ratio (SNR) or
perceptual quality indicators like NISQA [24] to select “clean”
utterances.

However, as described in Section II-A, recent studies have
shown that modern TTS models are increasingly robust to
noisy inputs, and that even low-quality samples can contribute
positively to learning. In contrast to approaches that depend
on predefined, model-agnostic quality metrics, our method
evaluates each utterance based on its estimated training data
quality—defined as its expected contribution to downstream
model performance.

C. Data Cleansing for TTS from Noisy Speech

Speech enhancement has long been studied as a means
to improve the perceptual quality of degraded speech sig-
nals [25]. Related areas include dereverberation [26], [27],
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speech separation or extraction from mixtures containing
non-speech components [28], [29], and analysis-by-synthesis
methods that aim to remove distortions caused by recording
devices [30]. Recently, deep generative approaches—often
referred to as generative speech enhancement or speech
restoration—have attracted increasing attention for their ability
to produce natural-sounding outputs in subjective evalua-
tions [31]-[33].

Recently, several TTS studies have leveraged these methods
as data cleansing techniques [17], [18], applying them to
noisy corpora prior to model training. However, most existing
pipelines adopt a single, fixed data cleansing method across
the entire dataset. This static strategy is often suboptimal,
especially as more diverse and specialized restoration methods
continue to emerge. Selecting one best method in advance for
every utterance is not only impractical, but also unnecessary.

In contrast, our framework eliminates the need for manual
selection by dynamically combining multiple data cleansing
methods in a model-aware manner. This allows us to construct
an optimal TTS corpus in a fully automated fashion, while
effectively adapting to the characteristics of each utterance
and model.

D. Automatic Assessment of Synthetic Speech Quality

Perceptual evaluation of synthetic speech quality has tradi-
tionally relied on subjective mean opinion score (MOS) tests,
which are labor-intensive and difficult to scale. To overcome
these limitations, a growing body of work has proposed
automatic MOS prediction models that estimate perceived
naturalness directly from audio signals without requiring ref-
erence signals or human raters. Early approaches, such as
AutoMOS [34], Quality-Net [35], and MOSNet [36], utilized
raw waveforms or spectral features as input to recurrent or
convolutional neural networks. Recent advances leverage self-
supervised learning (SSL) representations, which are learned
from large-scale unlabeled speech corpora, to dramatically
enhance generalization and robustness [37]-[39].

The rapid progress in this field has been catalyzed by the
annual VoiceMOS Challenge [40]-[42]. Each edition intro-
duces new tracks that test increasingly challenging general-
ization scenarios, such as out-of-domain (OOD) evaluation
where models trained on English are used to assess Chinese
speech [40], and zoomed-in comparisons where models must
distinguish between highly natural-sounding synthetic speech
samples [42]. These models are expected to continue evolv-
ing in both predictive accuracy and domain generalizability,
facilitating broader applicability across languages, synthesis
methods, and evaluation scenarios.

E. Data-Centric Al and Its Application to Speech

Data-centric Al emphasizes improving model performance
by focusing on the quality, quantity and diversity of training
data, rather than solely optimizing model architectures [43].
In the field of speech technology, this perspective has mo-
tivated the creation of large-scale corpora from web-based
sources, including GigaSpeech [44], JTubeSpeech [45], and J-
CHAT [46]. However, these corpora are typically constructed
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Fig. 1: Procedure of proposed data selection method based on
training data quality. We evaluate training data quality of each
utterance through loop of TTS model training and synthetic-
speech evaluation. It finally builds a TTS corpus from dark
data by utterance-wise filtering.

using static data filtering pipelines, without incorporating
model-aware evaluation or adaptive preprocessing.

The proposed TTSOps framework operationalizes data-
centric Al principles in the context of TTS. By integrating
data cleansing, data selection, and training within a closed-
loop process guided by training data quality, TTSOps offers
a scalable and task-adaptive approach to corpus construction
from noisy, real-world speech data.

III. DATA SELECTION BASED ON TRAINING DATA
QUALITY

In this section, we describe a method for constructing a
corpus from internet data using data selection based on training
data quality. Our data selection is based on the training data
quality, which we define as the expected contribution of each
utterance to the performance of a given TTS model. Unlike
conventional data selection approaches that rely on predeter-
mined, model-agnostic criteria (e.g., acoustic quality scores),
our method evaluates how much each utterance improves the
perceptual quality of the synthesized speech generated by the
model.

An overview of the proposed method is shown in Fig. 1.
We perform data selection on speech data collected from
YouTube using an evaluation-in-the-loop framework. In this
loop, we train a TTS model with each candidate utterance and
predict the perceptual naturalness of the resulting synthetic
speech using a pseudo MOS model. Based on the pseudo MOS
scores, we estimate the training data quality of each utterance.
Finally, utterances with higher estimated quality are selected
to construct the training corpus.

A. Data Collection and Pre-Screening

The first step is to collect text-audio pairs and pre-screen
dark data to filter too low-quality data for TTS training. We
collect a dataset from YouTube and combine data screening
methods for ASR and ASV. We briefly describe each method
below, but see the paper [45] for more detail.

1) Download Text-Audio Pairs from YouTube: Following
the methodology in the previous study [45], we first compile
a list of query terms, automatically extracted from two sources:
(i) hyperlinked words appearing in Wikipedia articles, and (ii)
trending keywords identified by Google Trends. Each term is
then used to search YouTube, and only videos that include
manually created subtitles are retained. For each selected
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Fig. 2: Comparison of speaker-wise and utterance-wise selec-
tion. With regression, we filter out low-score utterances even
if speaker’s pseudo MOS is high

video, we download both the audio track and its corresponding
subtitle file, thereby obtaining time-aligned text-audio pairs.

2) Pre-Screening via Text-Audio Alignment Accuracy:
Since TTS training requires that speech segments be reason-
ably aligned with their transcriptions, we use the connectionist
temporal classification (CTC) score [47] to assess the degree
of alignment between audio and text. We apply CTC-based
segmentation to split each audio file into utterances and
compute alignment scores with respect to the corresponding
YouTube subtitles. Utterances with notably low scores are
filtered out to avoid cases that could severely disrupt the
following training process.

3) Cleansing Based on Speaker Compactness: For TTS
training, it is preferable to have multiple consistent utter-
ances per speaker. To assess speaker consistency, we com-
pute the variance of x-vectors [20] within each utterance
group—defined as all utterances extracted from a single
YouTube video. This variance serves as a proxy for the sta-
bility of speaker identity across the group. Groups exhibiting
unusually high variance are filtered out, following the same
principle as the alignment-based filtering.

After this step, each remaining group is assumed to contain
utterances from a single, consistent speaker. It is worth noting
that this method may inadvertently exclude some single-
speaker groups with significant speaking-style variation, since
z-vectors are sensitive to such variation even within the same
speaker [48]. Nevertheless, we adopt this approach because our
goal is to capture speaker diversity rather than style diversity.

B. Initial Training Using All the Candidate Data

We perform the initial training of the given TTS model using
all the candidate data. To evaluate the quality of the training
data for the desired TTS model, we consider it necessary
to include a training step to capture the characteristics of
the TTS model. In this step, we train a multi-speaker TTS
model. Since the quality of synthesized speech is expected to
vary across speakers in a multi-speaker TTS model, we infer
the quality of the training data from the differences observed
among speakers.

C. Evaluating Synthetic Speech Quality

We evaluate the quality of speech synthesized by the
initially-trained TTS model. A simple evaluation method is
to calculate the value of the loss function for each utterance
during training (e.g., the distance between the ground-truth and

the predicted features). However, the distance does not neces-
sarily correspond to the perceptual quality of the synthesized
speech [49], [50].

Since MOS directly reflects perceptual quality, subjective
evaluation is a natural choice. However, it does not scale well
when handling large volumes of data required for training. To
address this, we use pseudo MOS predicted by an automatic
MOS prediction model. These models have been reported
to correlate well with human perceptual ratings [42], [51].
Therefore, we use the pseudo MOS score predicted by a pre-
trained MOS prediction model as a proxy for naturalness in
subjective evaluation.

This evaluation is used to determine the score of each
training data, as described in the following Section III-D. In
other words, this evaluation aims to estimate the difference in
the effect of each data on the quality of the synthesized speech.
The simplest method is to synthesize training data sentences
and to filter out sentences with lower scores. However, this
method uses different sentences among speakers. It is inappro-
priate because 1) the pseudo MOS score changes depending
on the sentence to be synthesized [39] and 2) a sentence set
greatly varies among speakers in dark data. Therefore, we
evaluate the quality of synthesized speech for each speaker,
using common sentences. In this way, it is possible to quantify
the difference in synthetic speech quality of each speaker,
without depending on the speakers’ utterances. Therefore, we
evaluate the quality of synthesized speech for each speaker
using common sentences not included in the training data,
and averages of the values are used for each speaker.

D. Quantifying Training Data Quality Score for Each Utter-
ance

We filter the training data on the basis of the obtained
speaker-wise pseudo MOS. The simplest method is to filter
at the speaker level on the basis of the values, i.e., filtering
out speakers with lower pseudo MOSs. However, since the
data quality varies within the same speaker, filtering should
be performed at the utterance level. In other words, we should
filter out low-quality utterances even if speaker’s pseudo MOS
is high, and vice versa as shown in Fig. 2.

For this purpose, we train a regression model that predicts
the speaker-wise pseudo MOS from each utterance in the
training data. We assume that acoustically similar training data
will achieve similar naturalness in the synthesized speech.
Furthermore, we assume that a regression model predicts
close values for acoustically similar data. These assumptions
motivate us to use a regression model.

We train this regression model on all the pre-screened data.
We confirm the effect of using a regression model in the
experiment described in Section V-B1.

E. Training Data Selection and Re-Training

We evaluate the training data at the utterance level with
the regression model. Then, utterances with lower scores are
filtered out. Finally, we retrain the TTS model with the filtered
data.
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Fig. 4: Comparison between conventional data cleansing pro-
cedures and the proposed data cleansing procedure.

IV. TTSOPS: AUTOMATIC OPTIMIZATION METHOD OF
TTS TRAINING PROCEDURE

In this section, we propose TTSOps, a unified training
pipeline that extends the methodology presented in Section III
by integrating data cleansing strategies into the evaluation-in-
the-loop framework. As illustrated in Fig. 3, TTSOps operates
on speech data collected from the internet and estimates the
training data quality—defined as each utterance’s expected
contribution to the performance of a TTS model—through
a closed-loop process that combines data cleansing, data
selection, model training, and pseudo MOS evaluation.

Unlike conventional pipelines that apply a fixed data
cleansing method across the entire dataset, TTSOps performs
utterance-wise adaptive switching of cleansing techniques,
selecting the one that maximally improves the training data
quality for each utterance as shown in Fig. 4. Based on this
adaptive cleansing, the framework performs data selection
guided by the estimated training data quality, ultimately con-
structing a high-quality corpus tailored to the characteristics
of the target TTS model.

A. Data Collection

We collected the dataset following the method described in
Section III-A. Specifically, we extracted text-audio pairs from
YouTube videos and applied a pre-screening process based
on CTC alignment scores and speaker compactness using Xx-
vectors. This pre-screening was intended to prevent the initial
training phase from failing by removing utterances with ex-
tremely low quality. For further details, refer to Section III-A.

B. Training Data Quality Evaluation

The method for evaluating the quality of training data for
each data cleansing method is illustrated in Fig. 5. In the pro-
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Method A Candidate
data A model
_
Collected | R -—p- Candidate TTS Data quality
data Method 8 E prediction estimator B
-—>- i TTS MOS »| Data quality
Candidate

e E_' prediction estimator C

Fig. 5: A method for evaluating the quality of training data for
each data cleansing method. The training and evaluation loop
is applied to datasets obtained by uniformly applying each data
cleansing technique, and the training data quality is assessed.

posed approach, each data cleansing method is uniformly ap-
plied to all data, and the quality of the training data is assessed
through the training-evaluation loop described Section III. This
method involves training a TTS model using candidate data,
evaluating the quality of the synthesized speech generated
by the trained TTS model for each speaker, and learning a
regression model to predict the quality of synthesized speech
based on the training data. By predicting the synthesis quality
of a TTS model trained with specific data, this framework
evaluates the quality of the training data.

This method leverages the fact that, even with a single multi-
speaker TTS model, the quality of synthesized speech varies
among speakers. Therefore, it evaluates the quality of each
dataset through a single instance of model training. However,
when combining multiple data cleansing methods, as in this
study, a single model training instance does not allow for
separate evaluations of data cleansing methods. To address
this limitation, this study evaluates the quality of training data
separately for each data cleansing method.

C. Corpus Determination

To determine final corpus, data cleansing and selection are
performed using the method shown in Fig. 6, based on training
data quality evaluation. In the data cleansing process, the
data cleansing method that results in the highest training data
quality is selected and applied for each dataset. Furthermore,
since the training data quality has already been evaluated using
the method described in Section III, data selection is conducted
accordingly.

Here, by saving the preprocessed data, the need to repeat
data cleansing is eliminated, enabling data cleansing selection
simply by gathering the relevant files. Specifically, the training
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Fig. 6: Corpus determination procedure. Preprocessing meth-
ods are switched data-wise based on training data quality, and
the final corpus is determined through data selection based on
the training data quality of each dataset.

data quality obtained from the adopted data cleansing method
is directly regarded as the quality of each dataset. Data with
higher quality is selected in descending order to construct the
TTS corpus. The constructed corpus is then used to train the
TTS model.

V. EXPERIMENTAL EVALUATION OF DATA SELECTION
A. Experimental Setting

1) Dataset: We followed JTubeSpeech [45] scripts' to
obtain dark data from YouTube; the amount was approximately
3,500 hours. Pre-screening with a CTC threshold of —0.3
and speaker compactness threshold of [1,7]?, we obtained
approximately 66 hours (60, 000 Japanese utterances) of 2, 719
speakers as the pre-screened data. The sentences used for
calculating the pseudo MOS were 100 phoneme-balanced
sentences from the JVS corpus [52]. The test data used to
evaluate the finally trained TTS models was 324 sentences
from the ITA corpus®. There was no overlap in text among
the pre-screened data, sentences for the pseudo MOS, and test
data.

2) Model and Training: We trained an acoustic model
and combined it with the pre-trained HiFi-GAN vocoder [53]
UNIVERSAL_V1* as a multi-speaker TTS system. We used
two acoustic models, FastSpeech 2 [54] and GlowTTS [55].
We followed the model size and hyperparameters of the open-
sourced implementation®® except for the speaker represen-
tation. Instead of the one-hot speaker representation imple-
mented in the repository, we used an open-sourced z-vector
extractor’, and a 512-dimensional z-vector was used to con-
dition the TTS model. The z-vector was added to the output
of the FastSpeech 2 encoder via a 512-by-256 linear layer.
The x-vector was averaged for each speaker; one x-vector
corresponded to one unique speaker. The TTS model was pre-
trained using 10, 000 utterances from the JVS corpus [52], the

Uhttps://github.com/sarulab- speech/jtubespeech

2These values are the same as the experiments in the JTubeSpeech pa-
per [45].

3https://github.com/mmorise/ita-corpus

“https://github.com/jik876/hifi-gan

SFastSpeech 2: https://github.com/Wataru-Nakata/FastSpeech2-JSUT

6GlowTTS: https://github.com/trgkpc/glow-tts_JSUT

7https://github.com/sarulab-speech/xvector_jtubespeech

100-speaker Japanese TTS corpus. We performed 300k steps

with a batch size of 16 in this pre-training. TTS training in

this paper started from this pre-trained model with 100k steps

with a batch size of 16.

We used a pre-trained UTMOS [39] strong learner® to
obtain a five-scale pseudo MOS on naturalness from synthetic
speech. The regression model for predicting the pseudo MOS
from the training data was 1-layer 256-unit bi-directional
long short-term memory [56], followed by a linear layer,
ReLU activation, and another linear layer. We used frame-
level self-supervised learning (SSL) features’ obtained with
a wav2vec 2.0 model [57]'", as the input. The frame-level
outputs were aggregated to predict the pseudo MOS. The num-
ber of training steps, minibatch size, optimizer, and training
objective were 10k, 12, Adam [58] with a learning rate of
0.0001, and mean squared error, respectively.

3) Compared Methods: We compared the following data
selection methods.

« Unselected: All the pre-screened data was used for the TTS
training; the training data size was approximately 60, 000
utterances.

o Acoustic-quality (utterance-wise): The training data was
selected in terms of the acoustic quality of the data. We used
NISQA [24], a recent deep learning-based model to predict
scores on naturalness, noisiness, coloration, discontinuity,
and loudness of the speech data. Each score takes [1, 5]. We
chose multiple threshold 6 = 4.0, 3.5, 3.0, 2.5. That is data
for which all the scores were higher than 6 were selected.
For 6 = 4.0,3.5,3.0,2.5, the TTS training data size n was
5128, 12172,20390 and 31038, respectively.

e Ours-Utt (evaluation-in-the-loop utterance-wise selec-
tion): Our evaluation-in-the-loop data selection. For each
data, we estimate the speech quality synthesized by the TTS
model from an initial training with pre-screened data. The
threshold for selecting training data was set to have the
resulting training data be the same in size as “Acoustic-
quality”.

e Ours-Spk (evaluation-in-the-loop speaker-wise selec-
tion): Our data selection, but the data selection was per-
formed per speaker as described in Section III-C. The
threshold for selecting training data was set to have the
resulting in the size of the training data be almost the same
as “Acoustic-quality”.

4) Evaluation: We evaluated the selection methods to clar-
ify the following:

« Does our method obtain more ‘“high-quality speakers?”’:
pseudo MOS comparison. Our TTS model is expected
to reproduce voices for a higher number of speakers. We
define a “high-quality speaker” as a speaker with a higher
pseudo MOS than the threshold. We in advance trained
an high-quality multi-speaker TTS model using the JVS
corpus [52] and calculated the speaker-wise pseudo MOS
scores. We set the lowest score among the JVS speakers

8https://gilhub.cnm/sarulab—speech/UTMOSZ2

SWe compared the SSL features and the NISQA [24] features (used in the
baseline) in the preliminary evaluation. The result demonstrated that the SSL
features performed better.

IOhttps://github.com/facebookresearch/fairseq/tref:/main/examples/wav2vec
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Fig. 7: Cumulative histograms of pseudo MOS. Y-axis value
indicates number of speakers with higher score than x-axis
value. The shaded area corresponds to high-quality speakers.

as the threshold!!. Speakers with a higher score than the

threshold were considered to be high-quality speakers. For

each data selection method, we calculated 1) the distribution
of the pseudo MOSs for synthetic speech by the trained TTS
model and 2) the number of high-quality speakers.

« Does our method increase speaker variation? We eval-
uated whether our method obtains diverse (i.e., sounding
different) high-quality speakers. To quantify the speaker
variation, we calculated the cost of a Euclidean minimum
spanning tree [59] of z-vectors of the high-quality speakers.
The calculation is similar to the g2g (median of the dis-
tances to the nearest x-vector) [60], but we used summation
instead of a representative value (i.e., median) because our
purpose is to evaluate how widely speakers spread.

« Does synthetic speech of so-called ‘‘high-quality speak-
ers” truly sound natural?: actual MOS evaluation.
We evaluated whether our data selection based on pseudo
MOS is truly effective in synthesizing perceptually natural
speech. To this end, we conducted a subjective evaluation
of synthetic speech quality using different data selection
methods, and investigated their performance in relation to
pseudo MOS.

Note that seen and unseen speakers are different among
the data selection methods. All the speakers were seen ones
for “Unselected,” but only parts of them were seen in the
other methods. Also, seen speakers were different among
“Acoustic-quality,” “Ours-Utt,” and “Ours-Spk.” Speakers not
used for training were considered to be unseen speakers for
each method. Unless otherwise noted, we describe results
aggregating those of both seen and unseen speakers.

B. Results

1) Number of High-Quality Speakers: Fig. 7 is a cumu-
lative histogram of the pseudo MOSs. Our method had the
highest values among the methods, demonstrating that a TTS

"IThe JVS corpus was constructed in a well-designed environment, and we
confirmed that it was not an outlier.

TABLE I: Number of overall, seen and unseen speakers.
Values of each cell are number of high-quality speakers, all

speakers, and ratio of two values, respectively.

no| Method FastSpeech 2 GlowTTS
58500 |  Unselected || 1157 (42.6%) | 0 (0.0%)
Acoustic-quality 1572 (57.8%) 2068 (76.1%)
5128 Ours-Utt 1764 (64.9%) | 2305 (84.8%)
Ours-Spk 1274 (46.9%) 1735 (63.8%)
Acoustic-quality 1786 (65.7%) 706 (26.0%)
12172 Ours-Utt 2114 (77.7%) 1510 (55.5%)
Ours-Spk 1321 (48.6%) 798 (29.3%)
Acoustic-quality 1661 (61.1%) 90 (3.3%)
20390 Ours-Utt 1989 (73.2%) 305 (11.2%)
Ours-Spk 1712 (63.0%) | 297 (10.9%)
Acoustic-quality 1748 (64.3%) 19 (0.7%)
31038 Ours-Utt 1955 (71.9%) 29 (1.1%)
Ours-Spk 1347 (49.5%) 25 (0.9%)
Unselected Acoustic-quality Ours-Utt Ours-Spk
(w=4.19x10%) (Ww=6.25 x 10°) (w=7.43 x 10°) (w=4.67 x 10°)

-

High quality
(a) FastSpeech 2 - Others
Unselected Acoustic-quality Ours-Utt Ours-Spk
(w=2.61x%10°) (w=5.29 x 10°) (w=2.99 x 10°)

]

High quality
= Others

(b) GlowTTS

Fig. 8: Distributions of high-quality speakers by each data
selection method (n = 12172). Higher w indicates more
diversity.

model trained on our data selection can synthesize multi-
speaker voices with higher quality than the other methods. The
numbers of high-quality speakers for “Unselected,” “Acoustic-
quality,” “Ours-Utt,” and “Ours-Spk” were 924,1737,1942,
and 1367, respectively. We see that the proposed method
increased the number of high-quality speakers, compared with
the other methods. Specifically, the increment was approxi-
mately 1.2 times from that of “Acoustic-quality.” From these
results, we can say that the proposed method work better than
the conventional methods for the purpose of increasing the
speaker variety of the multi-speaker TTS model. Note that
this TTS corpus is much larger than the previous Japanese
multi-TTS corpus (JVS) composed of 100 speakers.

In addition, comparing “Ours-Utt” and “Ours-Spk™, the
proposed method was significantly better in terms of both
the pseudo MOS distribution and the number of the high-
quality speaker. This indicates that utterance-wise selection
significantly contributes to enhancing the performance, rather
than speaker-wise selection.

2) Evaluation of Speaker Variation: To validate the ef-
fectiveness of dark data, Fig. 8 shows the distributions of
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Fig. 9: Cumulative histograms of actual MOS. Y-axis value
indicates number of speakers with higher score than x-axis
value. The shaded area corresponds to high-quality speakers.
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Fig. 10: Scatter plots showing the relationship between pseudo
MOS and actual MOS for each speaker. Although a consistent
correlation is observed in both models, the correlation is

weaker for GlowTTS, leading to reduced effectiveness of the
proposed method.

the high-quality speakers and speaker variation scores w.
Both qualitatively and quantitatively, “Ours-Utt” increased the
speaker variation compared with the other methods, indicating
that our method contributes to speaker variation.

3) Validation on Actual MOS: We conducted a five-point
MOS test to assess the naturalness of synthetic speech. A total
of 500 listeners participated, each listening to 20 samples. For
both FastSpeech 2 and GlowTTS, we evaluated the synthetic
speech generated by TTS models trained on data selected with
each data selection method. For “Acoustic-quality,” “Ours-
Utt,” and “Ours-Spk,” the data set size n was set to 12, 172. To
reduce the evaluation cost, we randomly sampled 200 speakers
from the total of 2, 719 for evaluation. The actual MOS scores
were then aggregated for each speaker.

Fig. 9 shows the evaluation results. In both models, “Ours-
Utt” achieved the highest scores among all methods, indicating
that the proposed method is more effective than conventional
approaches even in terms of perceptual speech quality.

However, the improvement observed in GlowTTS was less
pronounced than in FastSpeech 2. To investigate the cause, we
examined the relationship between pseudo MOS and actual
MOS on “Unselected.” Fig. 10 presents the scatter plots and
the correlation coefficients . While FastSpeech 2 showed a
high correlation, GlowTTS exhibited lower correlation, possi-
bly because the narrower distribution range of pseudo MOS
in GlowTTS amplified the impact of prediction errors. Since
our proposed method estimates training data quality using the
pseudo MOS scores from “Unselected,” its effectiveness in
actual MOS is likely reduced in the case of GlowTTS, where

pseudo MOS shows a lower correlation with actual MOS. The
limitations of the proposed method arising from the accuracy
of pseudo MOS are discussed in Section VII-C.

VI. EXPERIMENTAL EVALUATION OF TTSOPS
A. Experimental Setting

1) Dataset, Model and Training: We utilized the same data
collected from YouTube as described in Section V-Al. Also,
we utilized the same model and the same training method as
described in Section V-A2.

2) Compared Methods: As data cleansing methods, the
following were considered:

¢ Uncleansed: The data was used as is. This method is
expected to be suitable for high-quality audio, such as
studio-recorded speech.

o Demucs: As a preprocessing method, we applied a pre-
trained speech enhancement model, Demucs [29], to all
data'?. Demucs is a type of source separation model trained
to remove background music. Therefore, it is expected to
reduce additive noise and improve data quality.

o Miipher: As a preprocessing method, we applied a pre-
trained audio restoration model, Miipher [33], to all data'3.
This model is trained to restore degraded audio. Conse-
quently, it is expected to reduce environmental distortions
caused by recording devices or reverberation, thereby en-
hancing data quality.

o Switching (ours): For each dataset, one of “Uncleansed,’
“Demucs,” or “Miipher” was selected and applied. The
selection was based on training data quality, aiming to
choose the method that maximized overall quality.
Furthermore, to validate the proposed metric, training data

quality, we investigated an alternative approach that uses
acoustic quality evaluation instead of training data quality.
In this approach, the preprocessing method that achieves
the highest acoustic quality is selected, and the corpus is
constructed by selecting data in descending order of acoustic
quality. The acoustic quality is evaluated using the deep
learning model NISQA [24], where the minimum value among
five metrics is used as the evaluation score.

3) Evaluation: We performed the pseudo MOS evaluation
according to the procedure described in Section V-A4, aiming
to answer the following research questions:

o Is the “Switching” framework effective in improving
model performance?

o Which criterion is more suitable for determining the
data cleansing method: acoustic quality or training data
quality?

This evaluation was conducted by calculating 1) the distribu-

tion of the pseudo MOSs for synthetic speech generated by

the trained TTS models, and 2) the number of high-quality
speakers, as defined in Section V-A4.

In addition, to evaluate whether the synthetic speech of
high-quality speakers truly sounded natural, we conducted
an actual MOS test via human evaluation, following the

2https://huggingface.co/spaces/Wataru/Miipher/tree/main
Bhttps://github.com/facebookresearch/demucs
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Fig. 11: Cumulative histograms of pseudo MOS. Y-axis value
indicates number of speakers with higher score than x-axis
value. The shaded area corresponds to high-quality speakers.

procedure defined in Section V-B3. This allowed us to verify
the effectiveness of the “Switching” strategy not only in terms
of pseudo MOS but also from a perceptual standpoint.

Finally, we analyzed the proportion of data samples that
were processed by each cleansing method in the “Switching”
scenario. This analysis reveals how each method was se-
lected depending on data characteristics and model robustness,
providing further insight into the behavior of the proposed
framework.

B. Result

1) Pseudo MOS Evaluation: Fig. 11 shows the cumulative
histograms of pseudo MOS for different data cleansing meth-
ods and selection metrics. When the training data quality is
used as the selection metric, the proposed “Switching” method
consistently outperforms the baseline methods across all cor-
pus sizes and model architectures. This consistent superiority
demonstrates the effectiveness and robustness of our approach.

In contrast, when acoustic quality is used as the selection
metric, the benefit of “Switching” becomes less reliable. In
some conditions, such as n = 31038, “Switching” even un-
derperforms compared to applying “Miipher” uniformly. This
inconsistency indicates that acoustic quality does not always
reflect the actual utility of data for training TTS models.

TABLE II: Number of overall, seen and unseen speakers.
Values of each cell are number of high-quality speakers, all
speakers, and ratio of two values, respectively.

(a) Acoustic Quality based

n | Method || FastSpeech 2 GlowTTS
Uncleansed 1572 (57.8%) 2068 (76.1%)
5128 Demucs 1828 (67.2%) 2371 (87.2%)
Miipher 2290 (84.2%) 2718 (100.0%)
Switching 2484 (91.4%) 2717 (99.9%)
Uncleansed 1786 (65.7%) 706 (26.0%)
lo17y | Demucs 2177 (80.1%) | 1257 (46.2%)
Miipher 2224 (81.8%) | 2700 (99.3%)
Switching || 2413 (88.7%) | 2650 (97.5%)
Uncleansed 1661 (61.1%) 90 (3.3%)
90390 | Demucs 2155 (79.3%) 236 (8.7%)
Miipher || 2223 (81.8%) | 2551 (93.8%)
Switching || 2182 (80.3%) | 1989 (73.2%)
Uncleansed 1748 (64.3%) 19 (0.7%)
31038 Demucs 1958 (72.0%) 46 (1.7%)
Miipher || 2103 (77.3%) | 2297 (84.5%)
Switching 2078 (76.4%) 1238 (45.5%)
(b) Training data Quality based
n | Method || FastSpeech 2 GlowTTS
Uncleansed 1764 (64.9%) 2305 (84.8%)
siog | Demucs || 2263 (83.2%) | 2623 (96.5%)
Miipher 2379 (87.5%) | 2716 (99.9%)
Switching || 2420 (89.0%) | 2715 (99.9%)
Uncleansed 2114 (77.7%) 1510 (55.5%)
12172 Demucs 2320 (85.3%) 1947 (71.6%)
Miipher 2437 (89.6%) 2715 (99.9%)
Switching || 2524 (92.8%) | 2718 (100.0%)
Uncleansed 1989 (73.2%) 305 (11.2%)
20390 Demucs 2205 (81.1%) 335 (12.3%)
Miipher 2318 (85.3%) | 2670 (98.2%)
Switching || 2473 (91.0%) | 2703 (99.4%)
Uncleansed 1955 (71.9%) 29 (1.1%)
31038 Demucs 2241 (82.4%) 91 (3.3%)
Miipher 2204 (81.1%) | 2590 (95.3%)
Switching 2516 (92.5%) | 2677 (98.5%)
FastSpeech?2 GlowTTS
200
— Uncleansed
150 4
Demucs
1001 — Miipher
501 — Switching
T F s & s 2 s 4 s

Fig. 12: Cumulative histograms of actual MOS. Y-axis value
indicates number of speakers with higher score than x-axis
value. The shaded area corresponds to high-quality speakers.

These observations support our central claim: Training data

quality—defined as the expected contribution of each utterance
to downstream model performance—is a more reliable and
task-aware criterion for data selection than predetermined
criterion such as acoustic quality.

2) Validation on Actual MOS: We conducted a five-point
MOS test following the procedure described in Section V-B3.
In this evaluation, we compared “Uncleansed,” “Demucs,’
“Miipher,” and “Switching,” all based on the training-data-
based selection strategy with a fixed data set size of n =
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Fig. 13: The proportion of each preprocessing method selected
in the “Switching” approach.

12172.

Fig. 12 shows the results. For FastSpeech 2, among the
individual data cleansing methods, “Miipher” performed the
best, followed by “Demucs” and then “Uncleansed.” The
proposed method, which dynamically leverages the strengths
of each, achieved the best overall performance. This result
indicates that the proposed method is more effective than
the conventional methods even in terms of perceptual speech
quality.

On the other hand, for GlowTTS, “Uncleansed,” “Demucs,”
and “Miipher” exhibited similar performance in the subjective
evaluation, and the proposed method did not yield additional
improvements. This suggests that further improvements in
preprocessing techniques may be needed to fully realize the
benefits of the “Switching” approach in models such as
GlowTTS.

3) Investigation of the Switching Method: Fig. 13 presents
the selection rates of each preprocessing method used in the
”Switching” strategy, across various dataset sizes and model
architectures.

Since fewer than 10% of the collected utterances achieved
a NISQA score above 4.0, indicating that the majority of the
data were acoustically degraded, “Miipher” was selected for
most samples due to its strong restoration performance.

However, for FastSpeech 2, over 20% of the utterances were
selected without any preprocessing, despite being sourced
from noisy YouTube recordings. This suggests that FastSpeech
2 has a certain degree of robustness to noise and may benefit
from preserving relatively clean segments without risking
degradation from unnecessary processing.

In contrast, GlowTTS consistently selected ‘“Miipher”
across all dataset sizes. This preference can be attributed to
GlowTTS’s reliance on internal alignment learning, which
makes it more sensitive to noise and alignment errors. Conse-
quently, aggressive restoration becomes necessary to stabilize

training, leading to an almost exclusive selection of Miipher.

These findings highlight that the optimal data cleansing
strategy is highly dependent on the architecture and noise tol-
erance of the target TTS model. Notably, the selection patterns
remained stable across different corpus sizes, underscoring the
adaptability and consistency of the “Switching” framework in
meeting model-specific requirements.

VII. DISCUSSION
A. Computation Cost

One practical concern regarding our framework is the com-
putational cost associated with the training-evaluation loops.
As described in Section III, our data selection method requires
two TTS training cycles: one to estimate training data quality
using pseudo MOS scores, and another for final training with
the constructed corpus. In the case of TTSOps (Section 1V),
the number of training runs increases to n + 1, where n is the
number of candidate preprocessing methods.

While this may seem costly at first glance, it reflects the
reality of TTS system development. In practical scenarios,
model training is rarely a one-shot process: developers typ-
ically go through many rounds of data cleaning, retraining,
and hyperparameter tuning to achieve satisfactory results.
TTSOps automates this trial-and-error process by integrating
data selection and data cleansing into a closed-loop frame-
work, significantly reducing the need for manual intervention.
As a result, the overall development cycle can become more
efficient—even if each run of the framework incurs some
additional computation.

As a reference, under our experimental conditions using
a single NVIDIA RTX 3090 GPU, each training run of
FastSpeech 2 within the TTSOps framework required ap-
proximately 2 hours. Given that the framework involved four
training runs in total—corresponding to three candidate pre-
processing methods and one final training—the overall training
time amounted to approximately 8 hours.

B. Scalability and Language-Agnostic Design

A key strength of the proposed framework lies in its fully
automated and language-agnostic design. Because our method
does not rely on language-specific heuristics or human inter-
vention, it can be easily scaled to larger corpora and adapted to
various languages. In our experiments, we successfully applied
the method to a large-scale Japanese dataset, demonstrating
its practicality under real-world conditions. In particular, the
MOS prediction model used in our method was trained on
English and Chinese data. Achieving promising results on
Japanese—an out-of-domain language for the model—serves
as experimental evidence for the language-independence of
our approach. Further validation across different languages and
datasets remains an important direction for future work.

C. Limitations of Pseudo MOS and Future Prospects

While the correlation between pseudo MOS and actual MOS
was limited for GlowTTS, this issue is expected to diminish as
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MOS prediction models continue to advance. Indeed, interna-
tional competitions such as the VoiceMOS Challenge are held
annually [40]-[42], promoting rapid progress in prediction
accuracy. These developments have enabled more fine-grained
evaluations, such as distinguishing subtle differences in high-
MOS regions and conducting zero-shot assessments.

A notable feature of our TTSOps framework is its flexi-
bility: the evaluation-in-the-loop mechanism is not restricted
to pseudo MOS. It can be extended to incorporate alter-
native evaluation metrics (e.g., prosody, emotion), thereby
broadening its applicability according to the specific training
objectives.

D. Importance of Switching Data Cleansing Method

Although “Miipher” was selected for the majority of utter-
ances in our experiments, this does not suggest that applying
Miipher uniformly constitutes an optimal strategy. Indeed,
the documentation for LibriTTS-R [17] reports that approx-
imately 5% of samples failed to be successfully restored
using Miipher'#. Our switching strategy enables the automatic
exclusion of such degraded samples and the selection of more
suitable alternatives on a per-utterance basis.

As new enhancement models continue to emerge—targeting
specific issues such as background noise, codec artifacts, or
reverberation—the importance of dynamic, utterance-specific
preprocessing is expected to increase. Our framework is de-
signed to accommodate this evolving landscape, maintaining
robustness in the face of both the strengths and limitations of
future enhancement techniques.

From this perspective, the proposed “Switching” mechanism
represents a forward-compatible design that anticipates the
growing diversity and complexity of speech restoration mod-
els. It offers a principled and scalable solution for optimizing
data cleansing strategies automatically, without reliance on
static or manually crafted pipelines.

VIII. CONCLUSION

This paper presented TTSOps, a fully automated, closed-
loop corpus optimization framework for training multi-speaker
text-to-speech (TTS) models from large-scale, noisy, and
uncurated web data. Unlike conventional pipelines that rely
on static data cleansing and model-agnostic selection cri-
teria, TTSOps unifies evaluation-in-the-loop data selection
and utterance-wise data cleansing switching, both guided by
a novel criterion: the training data quality—defined as the
estimated contribution of each utterance to downstream TTS
performance.

By integrating model-aware evaluation and adaptive data
cleansing into the training loop, TTSOps effectively constructs
high-quality, speaker-diverse corpora from real-world “dark
data” such as YouTube videos. Extensive experiments using
two TTS architectures demonstrated that TTSOps consistently
outperforms acoustic-quality-based baselines in terms of natu-
ralness, speaker coverage, and speaker diversity. Furthermore,
the effectiveness of the framework was validated not only

14https://www.openslr.org/141/

through pseudo MOS but also by human-rated MOS evalu-
ations.

Importantly, the framework adapts to the robustness charac-
teristics of the target TTS model and flexibly selects the most
effective data cleansing method for each utterance, enabling
principled and scalable corpus construction. While modest
discrepancies between pseudo and actual MOS were observed
for certain models (e.g., GlowTTS), the increasing accuracy
of automatic speech quality predictors promises further gains.

In summary, TTSOps offers a practical and forward-
compatible approach to data-centric TTS development, bridg-
ing the gap between uncurated web data and high-quality
synthetic speech. Future work includes scaling the framework
to multilingual and cross-domain settings, incorporating alter-
native quality metrics (e.g., prosody or expressiveness), and
exploring lightweight evaluation strategies to further reduce
computational cost.
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