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ABSTRACT Text-to-speech (TTS) technology is rapidly expanding its applications, including speech-
based human-Al interactions. While large-scale data has driven this progress, most previous studies have
focused primarily on increasing data volume. However, as vast amounts of web-collected speech data become
available, the next challenge is to determine which data is truly beneficial for learning and how to utilize
it effectively. This paper proposes an active learning—based corpus construction method for multi-speaker
TTS. The proposed framework automatically acquires and selects additional data based on the training and
evaluation results of the TTS model, enabling efficient corpus expansion. Experimental results demonstrate
that the proposed model-aware corpus construction approach outperforms conventional static sampling and
evaluation-in-the-loop methods, achieving consistent improvements in both naturalness and recognition
accuracy. Step-wise analysis further reveals that quality filtering and data acquisition contribute to learning
improvements in complementary ways. Overall, this study advances TTS corpus construction from a static
preparation process to a model-evolving learning process, laying the foundation for data-efficient and self-
improving speech synthesis systems.

INDEX TERMS Active learning, automated corpus construction, data-efficient machine learning, text-to-

speech synthesis.

I. INTRODUCTION
EXT-to-speech (TTS) technology has rapidly advanced
T in recent years, driven by the development of large-scale
neural architectures that enable natural and expressive speech
synthesis across multi-speaker and multilingual settings [1]—
[8]. The application scope of TTS continues to expand, partic-
ularly with the emergence of use cases such as voice-based in-
teraction and integration with generative Al systems [9]-[11].
This progress has been supported by large-scale corpora built
from a variety of sources, including studio-recorded datasets,
ASR-oriented corpora, and web-scale speech resources such
as YouTube and podcasts [12]-[16]. As TTS models become
increasingly powerful, their performance depends not only on
model design, but also on the training data. For this reason,
corpus construction has become a critical component in the
development of modern TTS systems.
Web-collected speech data is inherently noisy and hetero-
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geneous, often containing misaligned, low-quality, or irrele-
vant utterances. To address this, recent web-oriented speech
corpus construction efforts have primarily focused on quality
filtering—removing undesirable samples to ensure a clean
and reliable dataset [12]-[15]. While such methods have
proven effective in improving overall data quality, these ap-
proaches often emphasize collecting as much data as possible
and overlook the critical role of efficiency. In particular, web-
scale data often exhibits biases in speaker demographics, con-
tent topics, and recording conditions. As a result, indiscrimi-
nately collecting large volumes of data can lead to significant
redundancy and overlap among samples. If we can instead
focus on identifying and acquiring data that more directly
contributes to model improvement, training efficiency could
be significantly enhanced. This becomes especially important
in the current era of increasingly large models and datasets,
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FIGURE 1: Three paradigms of corpus construction for multi-speaker TTS. Web-scale speech data is inherently unbalanced, and
naive sampling results in biased corpora, leading to uneven synthesis quality across speakers. Core-set selection [17] mitigates
this by enforcing coverage and diversity, but remains model-agnostic and cannot determine which balance is most effective for
improving model performance, resulting in residual low-quality synthesis. In contrast, our proposed method directly incorporates
model performance to construct corpora that are better aligned with the model’s learning dynamics and synthesis quality.

where even modest improvements in data efficiency can yield
substantial benefits.

To improve corpus efficiency, core-set selection methods
have been proposed [17], which aim to extract representa-
tive samples that preserve diversity in linguistic content and
speaker attributes. This approach constructs more balanced
and compact datasets by minimizing redundancy and ensur-
ing sufficient coverage across latent feature space, demon-
strating improvements in training efficiency by reducing the
dataset without degrading model performance. However, as
illustrated in Fig. 1, these methods rely solely on distribu-
tional properties of the data and do not take into account the
performance of the model itself. As a result, they are un-
aware of which aspects of the data the model already handles
well, and which areas—such as specific speakers or phonetic
contexts—it currently struggles with or lacks coverage for.
Without access to this feedback loop, such methods cannot
prioritize data that would most effectively improve synthesis
performance across underrepresented or low-quality regions
of the corpus.

In this study, we propose a corpus construction framework
for multi-speaker TTS based on active learning, with the
goal of directly optimizing model performance through data
filtering and data acquisition. The proposed method extends
existing evaluation-in-the-loop filtering approaches [14], [18]
by incorporating a sampling loop that dynamically acquires
additional data based on the model’s training and evaluation
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outcomes. This enables the model to identify what kinds of
data are currently lacking, and to actively expand the corpus
in a way that improves learning efficiency. As a result, corpus
construction becomes an adaptive and self-improving process
that evolves in tandem with the model’s training dynamics.

This paper extends our previous conference publication,

which introduced the core idea of informative sampling for
TTS corpus construction [19]. The prior work demonstrated
the potential of selecting data based on its expected contri-
bution to model learning, but only included a limited set of
preliminary experiments. In this journal version, we provide
a more comprehensive description of the proposed method,
clarify its relationship to prior work, and offer a broader
evaluation including comparisons with core-set selection and
detailed step-wise analysis.

The main contributions of this paper are summarized as

follows:

e We propose a model-aware and data-efficient corpus
construction method for multi-speaker TTS, based on
active learning.

o« We demonstrate the effectiveness of the proposed
method across multiple TTS architectures.

+ We analyze each step of the proposed framework and
show how quality filtering and data acquisition con-
tribute differently to corpus improvement.

VOLUME 11, 2023
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FIGURE 2: Taxonomy of data-selection methods in TTS.

Il. RELATED WORK

A. CORPUS CONSTRUCTION FOR TTS

TTS systems have relied on studio-recorded corpora [20]-
[23], which provide clean and well-aligned speech—text pairs.
These datasets have significantly contributed to improving
the quality of neural TTS systems, yet their scalability is
limited due to the high cost of data collection. To reduce
this cost and expand data coverage, approaches that repur-
pose existing resources originally developed for other speech
tasks have been explored. For instance, LibriTTS [24] was
derived from the automatic speech recognition (ASR) corpus
LibriSpeech [25], offering a large multi-speaker dataset for
training high-fidelity neural TTS models. Recently, ASR and
related speech tasks have expanded to web-scale data col-
lection, as seen in GigaSpeech [12] and JTubeSpeech [13].
Such corpora have demonstrated the feasibility of mining
massive speech resources directly from online media, and
similar approaches are now being adapted to speech gener-
ation tasks, including Emilia [16] and J-CHAT [15]. While
these large-scale efforts have accelerated TTS research, they
often emphasize quantity over quality and remain largely
independent of the model and its learning dynamics. As the
field continues to expand data scale, it becomes increasingly
important to explore more efficient strategies for utilizing
massive speech resources rather than relying solely on brute-
force data accumulation.

B. DATA SELECTION FOR TTS

The taxonomy of data-selection methods in TTS is illustrated
in Fig. 2, and the conceptual interpretation of each axis is
presented in Fig. 3. Data-wise selection makes independent
decisions for each sample without considering interactions
between data, whereas subset-wise selection evaluates data
as a set, aiming to optimize diversity and representativeness
of the corpus. Feedforward-only selection methods determine
data subsets according to predefined rules and are therefore
model-agnostic, while feedback-loop approaches incorporate
model evaluation into the data-selection process, achieving
model-aware and adaptive data optimization.
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FIGURE 3: Each data selection method

The most basic approaches, located in the lower-left region
of Fig. 2, are based on the simple idea of discarding low-
quality data [24], [26]-[28]. For example, LibriTTS [24] con-
structs a TTS corpus by filtering data according to acoustic-
quality indicators such as signal-to-noise ratio (SNR) and
text—speech alignment accuracy. This type of quality-based
filtering has been widely adopted in TTS research, and several
studies have reported that using cleaner, higher-quality data
improves the naturalness of synthesized speech [27], [28].
However, because these methods treat each sample indepen-
dently, they do not consider redundancy or overlap that may
exist across the dataset as a whole.

Subset-wise selection approaches have therefore been pro-
posed to address corpus-level redundancy and imbalance
(upper-left region in Fig. 2). For example, an unsupervised
speaker-subset selection method is proposed to automatically
identify a representative subset of speakers from a large multi-
speaker corpus, showing that a carefully selected subset can
achieve comparable synthesis quality to the full dataset [29].
Similarly, diversity-based core-set selection maximizes a di-
versity score to sample subsets that broadly cover the feature
space, ensuring linguistic and acoustic variety while reducing
data volume [17]. However, these methods remain forward-
only approaches and depend heavily on human-designed cri-
teria defined before training, and do not adapt to the evolving
behavior of the model.

In contrast to these forward-only approaches, feedback-
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FIGURE 4: Overall procedure of proposed method.

loop strategies have been proposed to make data selection
adaptive to model behavior, aiming to directly optimize
model performance. Motivated by this idea, TTSOps [18] was
introduced as a feedback-driven framework for data selection
(lower-right region in Fig. 2). TTSOps trains a TTS model
on candidate data, evaluates the synthesized outputs using a
pseudo-MOS predictor, and selects samples that contribute
most effectively to model learning. This evaluation-in-the-
loop design quantifies data quality not by acoustic clean-
ness but by its contribution to model training, marking a
shift toward model-aware corpus construction. Nevertheless,
TTSOps still performs data-wise selection and does not yet
address corpus-level optimization. To identify what kinds
of data the model lacks and to acquire informative samples
accordingly, a more adaptive and efficient strategy is required
for future TTS data selection (upper-right region in Fig. 2).

C. ACTIVE LEARNING

Active learning is a widely used strategy for reducing an-
notation costs while maintaining model performance, and
has been applied across various fields, including computer
vision and natural language processing [30]-[32]. Typical ap-
proaches include uncertainty-based sampling, which selects
samples based on the model’s confidence [33], margin [34],
and entropy [35]. Another class of methods is diversity-based
sampling, which aims to extract a representative and diverse
subset from the unlabeled data pool using clustering or core-
set selection [36], [37]. Other approaches based on Bayesian
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inference have also been proposed [38].

In the speech domain, active learning has primarily been
applied to automatic speech recognition (ASR) [39]-[44].
By selecting only the most informative utterances for an-
notation, these approaches have successfully reduced the
word error rate (WER) under constrained labeling budgets.
In contrast, its application to TTS corpus construction re-
mains limited. Most existing approaches rely on static sen-
tence selection or heuristic pre-filtering, without leveraging
model feedback [45]. This study introduces a model-aware
and evaluation-guided data acquisition strategy, extending the
active learning paradigm to TTS synthesis.

Ill. PROPOSED METHOD

To improve the quality and generality of multi-speaker TTS
models, it is essential to construct corpora that support stable
speech synthesis across a wide range of speakers, including
those with limited or noisy data. In this study, we focus on
multi-speaker TTS models conditioned on x-vectors [46], and
define a speaker as ‘“‘synthesizable” if the model can generate
speech that exceeds a predefined quality threshold. Our goal
is to maximize the number of such synthesizable speakers
through an efficient corpus construction process.

A. OVERVIEW

As shown in Fig. 4, our proposed method consists of Step 0,
Step 1, and Step 2. Step 0 and Step 1 perform a data-wise,
model-aware quality-filtering process on an initial subset of
web-collected data. This process is based on the feedback-

VOLUME 11, 2023



K. Seki et al.: Toward Data-Efficient Speech Synthesis

IEEE Access

loop strategy proposed in TTSOps [18], where training data is
filtered not using predefined heuristics, but through automatic
evaluation of synthetic speech quality, reflecting the model’s
actual learning behavior.

In contrast, Step 2 introduces a model-aware data acquisi-
tion mechanism. Based on the synthesis performance of the
model trained on the filtered corpus from Step 1, Step 2 iden-
tifies speakers whose data remains insufficient or ineffective
for achieving high-quality synthesis, and selectively adds ut-
terances from the remaining data pool. Speakers who already
have sufficient high-quality data are excluded, making the
sampling subset-wise, and the use of model performance as a
selection criterion ensures the process is model-aware.

Together, these procedures form a model-aware feed-
back loop that selects informative data subsets from a
large web-scale candidate pool, enabling data-efficient and
performance-oriented corpus construction.

B. PREPARATION

1) Creating a Video ID List

To initialize the corpus construction process, we first create a
list of YouTube video IDs, denoted as Dy, using the search
strategy described in our previous work [14]. This list serves
as the global candidate pool for downstream sampling. Pre-
fetching video IDs decouples the search process from data
acquisition, ensuring that the candidate distribution remains
fixed across multiple sampling stages. Since video IDs are
lightweight compared to full audio-text pairs, it is feasible to
collect them at large scale in advance.

2) Setting the Target Synthesis Quality

Our goal is to increase the number of speakers for whom high-
quality synthetic speech can be generated. Since we expect
that synthetic speech comparable to that produced by a model
trained on studio-quality data would represent sufficiently
high quality for practical purposes, we define a speaker as
“synthesizable” if the quality of their synthesized speech ex-
ceeds a predefined threshold 7y,. To determine this threshold,
we train a TTS model on a studio-recorded multi-speaker
corpus and generate synthetic speech for each speaker. Using
a pseudo-MOS predictor, we evaluate the synthesis quality
and define 7,4 as the minimum observed score among those
speakers. This threshold is used throughout the corpus con-
struction pipeline to assess whether a speaker is adequately
covered, both during filtering and in later acquisition stages.

C. STEP 0: INITIAL FILTERING OF CANDIDATE DATA
As an initial step, we randomly sample a subset D; from the
global video ID pool D,;. Following the approach introduced
in our previous work [14], we collect audio-text pairs from
videos in D; that contain manually created subtitles. To re-
move unreliable samples and ensure basic data quality, we
apply two pre-screening criteria based on alignment accuracy
and speaker consistency.

First, we compute the connectionist temporal classification
(CTC) score [47] for each utterance to assess how well the
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audio aligns with the corresponding text. Utterances with low
alignment scores are discarded. Second, we evaluate speaker
consistency within each video by computing the intra-video
variance of x-vectors [46], which represent speaker embed-
dings extracted from the audio. Videos with high intra-video
variance are assumed to include multiple or unstable speakers
and are removed from the candidate pool.

During this process, we also extract and store one represen-
tative x-vector per video, as they are lightweight and will be
used in later stages for speaker-level sampling and analysis.

After applying these filtering steps, the remaining dataset is
treated as the initial corpus Cy, which serves as the foundation
for subsequent quality filtering and active acquisition. Each
data sample x; € Cj is represented as a triplet (a;,#;,s;),
where a; denotes the audio segment, ¢ is the corresponding
transcription, and s; is the speaker embedding extracted as an
Xx-vector.

D. STEP 1: FILTER OUT LOW-QUALITY DATA
Although the initial corpus Cj consists of utterances that meet
basic structural conditions, it may still contain noisy or low-
quality data. To address this, we apply a model-aware quality
filtering approach based on our previous work [14], [18].

This approach runs a training-evaluation loop to estimate
the training data quality of each utterance in Cy. We first train
a multi-speaker TTS model on Cy and synthesize speech for
all speakers in Cy. These outputs are then evaluated using a
pseudo-MOS prediction model to obtain quality scores. Using
these scores as supervision, we train a training data quality
(TQ) prediction module, denoted as TQ(+; 1q ), which takes
an audio segment a; as input and predicts its expected synthe-
sis quality. Here, 61q denotes the parameters of the training
data quality estimator. Since T'Q) is trained to approximate the
pseudo-MOS score, its outputs are directly comparable to the
threshold 7,4 defined in Section III-B2.

Each utterance (a;, 1, s;) is retained in the corpus Cj if its
estimated quality exceeds the threshold:

C1 = {(ai, ti,s1) | TQ(ai;07q) > Thq}- (1

The resulting corpus C; consists of samples that are both
structurally valid and expected to positively contribute to
synthesis quality.

E. STEP 2: ADDITIONAL DATA ACQUISITION

Although the corpus C; consists of high-quality utterances,
some speakers may still yield poor synthesis results due to in-
sufficient or unbalanced data. To address this, we selectively
acquire additional utterances for such speakers.

1) Formulation

Denoting the TTS model trained on C; as TTS(-, -; fc, ), we
define a fixed set of test texts 7, and evaluate the average
synthesis quality (SQ) for each speaker s; as:

SQUs;:c,) = = Y MOS(TTS(1,5::0c,)). @)

RO
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where MOS(+) denotes a pseudo-MOS prediction model that
estimates the quality of synthesized speech.

We consider a new utterance x; = (a;, t;, s;) for acquisition
only if it satisfies the following two conditions:

TQ(a;; 01qQ) > Thq, 3
SQ(si;0c,) < Thq- “4)

This ensures that only data from underperforming speakers is
added, and only if its quality is expected to be sufficient for
synthesis.

2) Procedure

To obtain candidate utterances, we sample from Dy = Dy \
D1, which consists of videos not used in Step 0. We download
audio-text pairs using the same procedure as in Section III-C,
and apply the data-wise quality filtering described in Step 1
using TQ(-; frq) to remove low-quality utterances.

For each speaker in the resulting candidate set, we compute
SQ using the current TTS model. If the score is below the
threshold 7,4, we include that speaker’s utterances in the
corpus. These additions form an auxiliary set of informative
samples, which we denote as Cagditional -

The final training corpus is given by Co = C1 U Cudditional-

F. (OPTIONAL) SWITCHING-BASED DATA CLEANSING

To further improve data quality, we optionally apply
switching-based data cleansing, following the approach pro-
posed in TTSOps [18]. In this strategy, each utterance is se-
lectively enhanced using a predefined cleansing method (e.g.,
a speech enhancement model), but only if the enhancement
improves its estimated synthesis quality. We consider the case
where a single cleansing method is available, and the system
must decide whether to apply it or not.

This step is optional because such preprocessing can be
computationally expensive, and is intended for scenarios
where additional computational cost is acceptable in ex-
change for further performance improvement.

1) Application in Step 1
In Step 1, we train two training data quality estimators:
TQ(-;01q) on the original corpus Co, and TQ(:; frq) on a
cleansed version Cy in which all audio samples have been
preprocessed by a speech enhancement model.

For each utterance x; = (a;, ;,5;), we compute the esti-
mated quality both before and after cleansing:

TQ(ai;01q),  TQ(@; frq)-
If the cleansed version achieves higher quality, i.e.,
TQ(@; 61q) > TQ(ai; frq),

we replace (a;,t;,s;) with (&;,1;,s;) and assign the higher
score as the supervision label in constructing C;.

This enables an adaptive application of data cleansing only
when it is expected to improve synthesis quality, thereby
avoiding unnecessary distortion.

6

2) Application in Step 2

A similar strategy can be applied to candidate utterances
in Step 2. After downloading audio-text pairs from Do, we
apply the same switching rule based on TQ and its cleansed
counterpart. If the quality of the cleansed version is higher
than the original, we retain the enhanced sample for further
quality filtering and acquisition.

G. INFERENCE PROCESS

At inference time, we sample from the set of x-vectors {s;}
that were collected during the corpus construction process.
Since the goal of our method is to enable high-quality syn-
thesis for as many speakers in Dy as possible, we expect that
sampling from these x-vectors will result in synthetic speech
that exceeds the quality threshold 7y,q.

IV. EXPERIMENTAL EVALUATION

A. EXPERIMENTAL SETUP

1) Dataset

We construct our dataset based on the data collection script'
provided in JTubeSpeech [13], which we use to retrieve
Japanese YouTube videos with manually created subtitles.
Following the original script, we first extract a list of 2,719
video IDs, each corresponding to a unique speaker. This set
serves as the global candidate pool Dy.

From this pool, we randomly sample 10% of the videos
(271 videos) to form the subset D, which is used for initial
corpus construction. The corresponding initial corpus Cy is
composed of approximately 5, 000 utterances from the 271
speakers in D; .

The remaining 2,448 videos (corresponding to unseen
speakers) constitute the set Do = D, \ D1, from which
additional data is obtained during Step 2. This step yields
approximately 54, 000 additional utterances, which are selec-
tively filtered and added to the corpus based on model-aware
acquisition criteria described in Section III-E.

2) Model and Training

‘We built a multi-speaker TTS system by combining an acous-
tic model with the pre-trained HiFi-GAN vocoder [48] UNI-
VERSAL_V12.

Two acoustic models were used: FastSpeech 2 [4] and
Matcha-TTS [6]. We followed the official implementations
for both models** with default hyperparameters. To provide
speaker conditioning, we used 512-dimensional x-vectors ex-
tracted from a pre-trained model®. Each x-vector was aver-
aged per speaker and mapped to the model’s encoder input
through a linear projection.

Only the acoustic model was trained, while the vocoder
remained fixed. To initialize the acoustic model, we used a

Uhttps://github.com/sarulab-speech/jtubespeech
Zhttps://github.com/jik876/hifi-gan

3FastSpeech 2: https://github.com/Wataru-Nakata/FastSpeech2-JSUT
4Matcha-TTS: https:/github.com/shivammehta25/Matcha-TTS
Shttps://github.com/sarulab-speech/xvector_jtubespeech
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TABLE 1: Quantitative comparison across different corpus construction strategies. Our proposed active learning method
outperforms both the random baseline and core-set selection across all metrics for both FastSpeech 2 and Matcha-TTS.

FastSpeech 2 Matcha-TTS
metric UTMOS (1)  #HQ-speaker (1) CER({) UTMOS (1)  #HQ-speaker () CER ({)
Baseline 2.4192 1467 16.9047 | 2.1457 784 26.6982
Core-set 2.5055 1780 16.5465 | 2.2899 1111 25.6426
Active Learning | 2.6019 2185 16.0223 | 2.3846 1577 22.9432
model pre-trained on 10,000 utterances from the JVS cor- FastSpeech 2 300 Matcha-TTS
pus [23], a 100-speaker Japanese TTS dataset. The pre- 3001 T T B D P —_— T
training was performed for 300k steps with a batch size of 2751 1] L.l
16. For training on each corpus (Cy, Cy, or Cg), we fine- 2501 1 L T ' 1 -
. 7 2.254
tuned the model for 100k steps from the same JVS pre-trained Q2251 -
. . . . . E .00 4
checkpoint. Although continual fine-tuning from the previous = 2001 200
model (e.g., from Cy to C;) was possible, we found that 1751 1781
restarting from the JVS checkpoint at each step yielded better 1501 1501
synthesis performance. 125 - — s - — -
For pseudo-MOS estimation, we used a publicly available w@\.& Oo@“’e‘ e»ea‘“““q’ w@\.\“e Oo@“’e‘ e»ea‘“““q’
P\o’i‘\‘ P\o’i‘\‘

strong UTMOS model [49]°. The threshold Thq Was set to
2.4156 for FastSpeech 2 and 2.3693 for Matcha-TTS, re-
spectively. Although these values may appear low in absolute
terms, they are consistent within the pseudo-MOS framework
and serve as meaningful reference points for relative evalua-
tion. [18].

3) Compared Methods

We compare our method against two baseline strategies, each
corresponding to one of the corpus construction paradigms
illustrated in Fig. 1.

Baseline: This setting corresponds to the “Unbalanced” con-
figuration shown in Fig. 1. We select training samples at
random from the pool of utterances whose estimated training
data quality exceeds the threshold 7,4. This ensures that all
selected samples satisfy the quality filtering condition, but
the resulting corpus distribution remains identical to that of
the original web data, and is therefore expected to be biased.
The total number of selected samples is matched to that of
the proposed method, ensuring a fair comparison under equal
data budgets.

Core-set Selection: This setting corresponds to the “Core-set
Selection” configuration in Fig. 1. From the same quality-
filtered pool, we apply a core-set selection strategy [17]
to construct a representative subset. This method performs
subset-wise selection by maximizing dataset diversity, but it
is model-agnostic and does not take into account synthesis
performance.

Active Learning: Our proposed method corresponds to the
“Active Learning” configuration in Fig. 1. It performs model-
aware, subset-wise selection by actively identifying under-
performing speakers and acquiring additional data that is
predicted to improve synthesis quality.

Ohttps://github.com/sarulab-speech/UTMOS22
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FIGURE 5: Distribution of UTMOS scores for each method.
Violin plots show the speaker-wise UTMOS distributions un-
der three corpus construction strategies, with three horizontal
lines indicating the maximum, mean, and minimum values
respectively. Our proposed active learning method improves
the average score and lifts the lower tail of the distribution,
indicating enhanced quality for previously low-performing
speakers.

4) Evaluation Metrics

Conducting human listening tests for more than one thousand
speakers would be prohibitively costly. Therefore, as a limited
yet reasonable proxy for large-scale evaluation, we adopt the
following three automatic evaluation metrics:

UTMOS: (1) The average pseudo-MOS across speakers,
predicted by a pre-trained UTMOS model [49]. We evaluate
the synthetic speech for all 2,719 speakers and report both
the mean and its distribution.

# HQ-Speaker: (1) The number of speakers whose aver-
age synthetic quality exceeds the threshold 7. This metric
reflects the effective speaker coverage of the constructed
corpus.

CER: (]) Character error rate (CER) of the synthesized
speech, measured using the Whisper large-v3 model’ as a
fixed ASR backend. This metric captures the intelligibility of
generated speech.

B. RESULTS

1) Comparison with Baseline

The results are shown in Fig. 5 and Table 1. Figl. 5 visualizes
the distribution of speaker-wise UTMOS scores using violin
plots, while Table 1 summarizes the quantitative metrics for
each corpus construction strategy.

7https://github.com/openai/whisper
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TABLE 2: Normalized diversity scores V (S) for each corpus
construction strategy. The score measures pairwise variance
in speaker embeddings and reflects the diversity of the re-
sulting training corpus. While the core-set selection achieves
the highest diversity, our proposed active learning method
shows lower diversity than the random baseline. Despite this,
the proposed method achieves superior synthesis quality, sug-
gesting that diversity alone is not sufficient to ensure optimal
TTS performance.

| FastSpeech2 | Matcha-TTS

Baseline 0.6677 0.6529
Core-set 1.2050 1.1120
Active Learning | 0.6222 0.5613

Across all metrics and both model architectures, our
proposed active learning method outperforms the base-
lines. Compared to the random baseline (‘‘Baseline”), it
achieves substantial gains in UTMOS, #HQ-speaker, and
CER, demonstrating that model-aware, subset-wise selection
is effective in improving both naturalness and intelligibility.
The advantage is particularly evident in the lower tail of
the UTMOS distribution, where our method noticeably lifts
low-performing speakers, suggesting better data coverage for
difficult cases.

Compared to core-set selection (““Core-set’’), our method
also shows consistent improvements, especially in aver-
age UTMOS and #HQ-speaker. This indicates that while
diversity-based selection helps mitigate data imbalance, ex-
plicitly incorporating model feedback offers additional bene-
fits in synthesis quality.

2) Comparison with Baseline Methods

The results are shown in Fig. 5 and Table 1. Fig. 5 shows
violin plots of speaker-wise UTMOS distributions, and Ta-
ble 1 summarizes quantitative results. Our proposed active
learning-based method improved the performance of both
models across all metrics, confirming its effectiveness. In par-
ticular, when compared with the core-set selection method,
the lower part of the distribution shifts upward, indicating that
the addition of data in Step 2 effectively raised the overall TTS
quality. Furthermore, a comparison between the baseline and
core-set selection shows that the core-set method consistently
outperforms the baseline under all conditions, confirming its
validity.

3) Diversity Analysis
To analyze the characteristics of each method, we analysed
the objective function used in “Core-set” approaches for
subset construction. Specifically, we consider the following
diversity score [17]:

V(S)= > lx—yl? (5)
x,yeS

Here, S denotes the selected subset, and x,y are fixed-
dimensional feature vectors representing the data samples.
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FIGURE 6: Distribution of speaker-wise UTMOS scores at
each step of the “Active Learning” method.

Since this score grows quadratically with the subset size |S],
we instead compute the normalized diversity score:

V(S) = V) ©
This allows for a fair comparison of diversity across corpora
of different sizes.

Table 2 presents the normalized diversity score V() for
each method. As expected, the core-set selection method
achieves the highest diversity. Interestingly, the active learn-
ing method yields a lower diversity score than the random
baseline.

To investigate this behavior, we also compute V(S) for
the subset constructed in Step 1, obtaining 0.5594 for Fast-
Speech 2 and 0.5165 for Matcha-TTS—both lower than the
random baseline. This indicates that the diversity reduction in
active learning is likely due to Step 1 being restricted to the
initial randomly sampled speakers, which limits the overall
diversity.

It is important to note that the diversity score is an auxiliary
indicator of corpus structure, and does not directly reflect TTS
performance. A lower diversity score does not necessarily
imply a lower-quality corpus. In fact, as shown in Table 1, our
active learning method outperforms core-set selection in all
synthesis-related metrics, despite achieving a lower diversity
score in Table 2. This suggests that diversity, while useful for
analyzing corpus characteristics, may not be sufficient on its
own to optimize synthesis performance.

4) Step-wise Improvement Analysis

To analyze how the proposed method improves the corpus
at each stage, we evaluate the corpora obtained after Step O,
Step 1, and Step 2, along with the TTS models trained on
them.

As shown in the violin plots in Fig. 6, the overall speaker-
wise UTMOS distribution improves with each step. From
Step O to Step 1, the entire distribution shifts upward, indi-
cating that quality filtering effectively removes low-quality
utterances. From Step 1 to Step 2, the lower end of the
distribution improves significantly, suggesting that the addi-
tional data acquired in Step 2 helps boost performance for
underrepresented or low-quality speakers.
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FIGURE 7: Scatter plot of high-quality speakers in the x-vector space at each step.
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FIGURE 8: Kernel density estimation (KDE) visualization of speaker distributions in the x-vector space. These visualizations
illustrate how data refinement and additional acquisition contribute to synthesis quality improvement.

To analyse how our method improves speaker coverage
throughout the corpus construction process, we plot the dis-
tribution of high-quality speakers in the speaker embedding
space. As described in Section III, a speaker is regarded as
high-quality if their pseudo-MOS score exceeds the thresh-
old 7,4. Fig. 7 shows the scatter plot of these high-quality
speakers projected onto the x-vector space using t-SNE [50].
These plots show that the distribution of high-quality speakers
gradually spreads across the speaker space at each step.

To analyze how each step contributes to improving the

VOLUME 11, 2023

corpus, we examined the relationship between training data
updates and synthesis quality gains. We define the following
two speaker sets:

o Data-Improved Speakers: Speakers whose training
data were affected by corpus updates. In Step 1, these are
speakers whose low-quality utterances were removed. In
Step 2, they are speakers for whom new utterances were
added.

o Synthesis Quality Improved Speakers: Speakers
whose UTMOS crossed the threshold 7,4 as a result of

9
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TABLE 3: Quantitative evaluation of our proposed active learning method under different data cleansing strategies.
“w/o Cleansing” corresponds to no cleansing, “w/ Cleansing” to always applying cleansing, and “Switching” to switching-

based data cleansing.

FastSpeech 2 Matcha-TTS
metric UTMOS (1)  #HQ-speaker (1) CER (]) UTMOS (1)  #HQ-speaker (1) CER ()
w/o Cleansing | 2.6019 2185 16.0223 2.3846 1577 22.9432
w/ Cleansing 2.6096 2167 16.4616 2.2620 1069 24.7111
Switching 2.6261 2274 16.0137 | 2.4238 1739 21.7617

TABLE 4: Quantitative evaluation of each corpus construction method under switching-based data cleansing.

FastSpeech 2 Matcha-TTS
metric UTMOS (1)  #HQ-speaker (1) CER(]) UTMOS (1)  #HQ-speaker (1) CER ({)
Baseline 2.5220 1888 16.7674 2.2200 934 25.2385
Core-set 2.4802 1704 16.3252 2.3883 1584 23.0718
Active Learning | 2.6261 2274 16.0137 | 2.4238 1739 21.7617
the step. That is, their score was below the threshold FastSpeech 2 2001 Matcha-TTS
before the step and above it afterward. 3251 T T |l T — T
3.004 T 197
Fig. 8 visualizes the distribution of these speaker sets us- 2751 250
ing kernel density estimation (KDE) over the x-vector space n 2501 | T 1 | sl T 4
. o .
projected by t-SNE.8. Across both models and steps, we ob- Z 2251 200
. 2 .
serve that “Data-Improved Speakers” and ““Synthesis Qual- 2004 1751
ity Improved Speakers” occupy similar regions, suggesting 1751 sl
that improvements in training data directly lead to gains in 1501 '
. . . 1254 T — — 1254 —— — —
synthesis quality. Furthermore, comparing Step 1 and Step 2 N N N N N N
. . . . . A\N A\ S A\ A\ SN
shows that quality improvements occur in different regions of o \o\eaé i o \0\6305 o

the speaker space. These results indicate the complementary
nature of the two steps and highlight the model-aware effect
of Step 2’s targeted data acquisition.

C. EXTENSION TO SWITCHING-BASED DATA CLEANSING

To explore effective ways of incorporating data cleansing into
our framework, we investigated the effectiveness and impact
of switching-based data cleansing, an extension introduced in
Section III-F.

1) Data Cleansing Method

As a data cleansing method, we adopted Demucs [51]° as
the speech enhancement backend. This model is designed for
source separation, and is expected to reduce background mu-
sic and other types of noise. As described in Section III-F, this
enhancement is applied only when it improves the estimated
training data quality.

2) Effectiveness of Switching-Based Data Cleansing

To evaluate the effectiveness of switching-based data cleans-
ing, we compare our proposed method under three conditions:
without any data cleansing (““w/o Cleansing”), with data
cleansing applied uniformly to all samples (“‘w/ Cleansing’’),
and with data cleansing applied selectively based on the
switching strategy described in Section III-F (“Switching’).

8This is the same projection space as in Fig. 7.
“https://huggingface.co/spaces/Wataru/Miipher/tree/main
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FIGURE 9: Distribution of speaker-wise UTMOS scores in
our proposed active learning method under different data
cleansing strategies.
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FIGURE 10: Distribution of speaker-wise UTMOS scores for
each corpus construction method under switching-based data
cleansing.

The results are shown in Fig. 9 and Table 3. “Switching”
achieves the best performance across all metrics, demon-
strating its effectiveness in both FastSpeech 2 and Matcha-
TTS. Interestingly, the CER of “w/o Cleansing” is lower
than that of “w/ Cleansing” in both models. This suggests
that the speech enhancement model may suppress not only
background noise but also phonetic cues that are important
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for intelligibility, highlighting a trade-off between naturalness
and recognition accuracy. In contrast, switching-based data
cleansing applies speech enhancement only when it improves
training data quality, allowing the model to benefit from noise
reduction while preserving important speech characteristics.
As a result, it improves synthesis quality without sacrificing
intelligibility.

3) Comparison with Baseline Methods under Switching-
Based Data Cleansing

To evaluate the effectiveness of different corpus construction
strategies under a shared data cleansing condition, we com-
pared “Baseline”, “Core-set Selection”, and our proposed
“Active Learning” method, all incorporating the switching-
based data cleansing strategy described in Section III-F.

The results are shown in Fig. 10 and Table 4. Our proposed
method consistently achieved the best performance across
all metrics and both models. These results demonstrate that
our active learning approach remains effective even when
combined with switching-based data cleansing, indicating
that the active learning approach can effectively leverage the
benefits of switching-based data cleansing.

V. CONCLUSION

This paper presented a method for data-efficient construction
of multi-speaker TTS corpora from large-scale web data.
Unlike conventional approaches that primarily focus on in-
creasing data volume, our method selectively acquires nec-
essary data based on an active learning framework, resulting
in significantly improved data efficiency. Compared to core-
set selection, which is model-agnostic and relies on manually
designed diversity metrics, our method employs a feedback
loop to make model-aware sampling decisions without rely-
ing on predefined evaluation criteria. This enables the corpus
construction process to account for model difficulty and target
underrepresented or low-performing regions in the data.

Experimental results with multiple TTS models demon-
strated that our method consistently outperforms both random
and core-set selection approaches across naturalness and in-
telligibility metrics under the same dataset size. In addition,
we integrated a switching-based data cleansing mechanism
that applies enhancement only when it improves estimated
training data quality, leading to further improvements in the
reliability of the constructed corpus.

Together, these components form a scalable and effective
pipeline for model-guided corpus construction. Future work
includes extending the proposed framework to other speech
generation tasks beyond TTS.
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