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Abstract
This paper introduces HiFiTTS-2, a large-scale speech

dataset designed for high-bandwidth speech synthesis. The
dataset is derived from LibriVox audiobooks, and contains ap-
proximately 36.7k hours of English speech for 22.05 kHz train-
ing, and 31.7k hours for 44.1 kHz training. We present our
data processing pipeline, including bandwidth estimation, seg-
mentation, text preprocessing, and multi-speaker detection. The
dataset is accompanied by detailed utterance and audiobook
metadata generated by our pipeline, enabling researchers to ap-
ply data quality filters to adapt the dataset to various use cases.
Experimental results demonstrate that our data pipeline and re-
sulting dataset can facilitate the training of high-quality, zero-
shot text-to-speech (TTS) models at high bandwidths.
Index Terms: text-to-speech, speech synthesis, multi-speaker
dataset

1. Introduction
Text-to-speech (TTS) and speech synthesis technology have ad-
vanced rapidly in recent years. Initially, TTS research focused
on creating a small number of high-quality voices for applica-
tions like voice assistants. Datasets developed for this purpose,
such as LJSpeech [1] and HiFiTTS [2], typically contained large
amounts of audio from one or a few speakers, emphasizing a
need for clean or studio-quality audio at high frequency resolu-
tions like 22.05 kHz or 44.1 kHz.

More recently, research has shifted towards zero-shot TTS,
which aims to replicate the voice of a speaker not seen during
training, using only a few seconds of reference audio. A com-
mon approach for zero-shot TTS is training an autoregressive
language model to predict audio tokens produced by a neu-
ral audio codec [3, 4, 5, 6, 7, 8, 9]. These approaches rely
on large amounts of transcribed training data, which is chal-
lenging to obtain in the speech domain. Consequently, most
recent research uses large volumes of low-quality 16 kHz au-
dio [4, 9, 7]. While these models achieve high performance for
zero-shot TTS, they synthesize speech with bandwidth and sub-
sequent quality too low for many real-world applications.

Modern TTS models have different data requirements com-
pared to earlier models. While previous models often required
clean or studio-quality audio [10, 11] due to their inability to
accurately model noise or acoustics, current models can learn
these speech characteristics through in-context learning [3]. For
this reason, our data processing does not focus on signal-to-
noise ratio (SNR) metrics, which were emphasized in earlier
works and datasets like HiFiTTS.

Several challenges arise when using speech data from di-
verse real-world sources. There are significant legal complex-
ities surrounding data use for applications like speech synthe-

sis and voice-cloning. For instance, Emilia [12], a large-scale
speech dataset, uses a non-commercial license due to its under-
lying sources having varied licenses and copyright. In contrast,
our dataset is suitable for commercial use, as it derives from
LibriVox [13] audiobooks in the public domain. We remove
data from LibriVox speakers who have explicitly requested their
recordings not be used for machine learning applications.

Another challenge comes from the common practice of
storing audio in a standardized format regardless of how it was
recorded. This often results in audio being upsampled to a
higher resolution than its original recording. Many publicly
available datasets with high sampling rates, such as Common-
Voice [14], Emilia [12], and DNS [15], contain such mixed-
bandwidth audio. LibriVox audiobooks are stored at 24 kHz
and 48 kHz, but datasets derived from them are often down-
sampled to 16 kHz, as seen in Librispeech [16], MLS [14], and
LibriLight [17]. Mixed-bandwidth audio can be problematic
for training speech models. For example, studies have shown
that training audio codecs on mixed-bandwidth data results in
attenuation of all audio information above a certain frequency
threshold [18, 19]. Training with mixed-bandwidth data bene-
fits from bandwidth labels, which can be used to filter data [18],
be provided as input to models [20], or used for bandwidth ex-
tension [21].

In this paper, we present HiFiTTS-2, a large-scale audio-
book dataset designed for speech synthesis. Our contributions
are as follows:
• We present a data processing pipeline consisting of band-

width estimation, segmentation, text processing and valida-
tion, and multi-speaker detection.

• We create and release a dataset1 with two subsets by apply-
ing this pipeline to LibriVox audiobooks: a 22.05 kHz subset
with 36.7k hours of speech from 5k speakers, and a 44.1 kHz
subset with 31.7k hours of speech from 4.6k speakers.

• We provide precomputed metadata at the utterance and au-
diobook chapter level, which users can use to apply quality
control filters optimized for their individual use cases.

• We demonstrate the effectiveness of our data pipeline by con-
ducting experiments with a state-of-the-art TTS model.

2. Data Processing Pipeline
We use the English subset of MLS [14] as the input to our
pipeline. MLS is a multi-lingual dataset derived form LibriVox
audiobooks, primarily designed for ASR model training. The
English subset of MLS contains approximately 44.7k hours of
speech from 5,574 speakers. However, several significant chal-
lenges arise when using the original dataset for training TTS

1https://huggingface.co/datasets/nvidia/hifitts-2
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Table 1: Text preprocessing examples applied to original MLS input. The process restores punctuation and capitalization, normalizes
text, and replaces formatting elements such as ‘nbsp’ and ‘p p’.

Input Text Preprocessed Text

beautifully-shaped and coloured glass and saltcellars tankards c of
gold and silver

beautifully shaped and coloured glass , and saltcellars ,

tankards , et cetera of gold and silver .

at that moment of supreme anxiety nbsp it is my

purpose nbsp mr allen read

at that moment of supreme anxiety . “ ‘It is my

purpose ,’ ” mister Allen read

in his calculations p p rather would i believe that i have been

mistaken in the affection which i feel for him said mrs evangelina

in his calculations . “Rather would I believe that I have been

mistaken in the affection which I feel for him ,” said

misses Evangelina

models:

• Text transcriptions lack punctuation and capitalization, which
plays crucial roles in conveying prosodic features in TTS.

• All audio data is stored at a 16 kHz sampling rate, regardless
of their original bandwidth.

• There are no utterances shorter than 10 seconds, with all ut-
terances ranging from 10 to 20 seconds in length.

• Text transcriptions are taken directly from the audiobook text,
which may differ slightly from the speaker’s narration.

• Speaker labels may be unreliable, as some audiobooks are
narrated by multiple speakers.

In the following sections, we describe our processing pipeline
to address these issues. Processing steps are carried out in the
order listed.

2.1. Text Preprocessing

We start with the utterances and their transcripts from the En-
glish subset of MLS. To recover punctuation and capitalization
(PC) for the transcripts, we take two approaches:

1. We download the original audiobook text for each chap-
ter. After removing PC from the audiobook text, we check
whether each MLS transcript matches a substring in the text.
If a match is found, we replace the original MLS transcript
with the corresponding audiobook text. This method success-
fully recovers PC for approximately 87% of the original MLS
transcripts.

2. For the remaining 13% of transcripts, we predict PC using
NeMo DistilBERT [22].

In our dataset we provide metadata specifying which utterance
transcriptions are from the audiobook and which are from MLS
with predicted PC. After restoring PC to the text, we attempt to
remove various formatting information common in the down-
loaded audiobook text, such as HTML tags. Lastly, we normal-
ize the text using NeMo text normalization [23]. Table 1 shows
a few examples of text preprocessing.

2.2. Audio Processing

To process the audio for the dataset, we first download all of
the original 48 kHz audiobook files using the LibriVox API. We
downsample the audio to 44.1 kHz and convert files from MP3
to FLAC format. We apply energy-based silence trimming with
a threshold of 50 dB, leaving at most 0.5 seconds of silence at
the start and end of each utterance.

2.3. Bandwidth Estimation

We apply the bandwidth estimation approach from the Hi-
FiTTS [2] to the first 30 seconds of each audiobook. The band-
width fmax is estimated by using the mean of the power spec-
trum to find the highest frequency that has at least -50 dB level
relative to the peak value of the spectrum, namely,

fmax = max

{
f ∈ [0, fNyquist]

∣∣∣∣ 10 log10 (P (f)

Ppeak

)
≥ −50 dB

}
where P (f) is the power spectral density and Ppeak the maxi-
mum spectral power. Utterances will have an estimated band-
width that is at most its Nyquist frequency. So audio recorded at
16 kHz sampling rate will have estimated bandwidth less than
or equal to 8 kHz and audio recorded at 24 kHz will have esti-
mated bandwidth less than or equal to 12 kHz.

For the 22.05 kHz subset of our dataset, we filter for utter-
ances with an estimated bandwidth of at least 11 kHz. This pro-
duces approximately 36.7k hours of full-bandwidth 22.05 kHz
speech.

Processing 44.1 kHz audio introduces additional complex-
ity. Most speech recorded at a sampling rate of 24 kHz or lower
is close to full-bandwidth. However, speech recorded at higher
sampling rates like 48 kHz often has little spectral information
in the highest frequency bands, resulting in an estimated band-
width that is significantly lower than its Nyquist frequency. This
results in most data for 44.1 kHz or 48 kHz training being effec-
tively mixed-bandwidth. Training models on mixed-bandwidth
data is challenging, and research on it is relatively uncommon
due to most large public datasets being 16 kHz sampling rate.

To address this, we filter 44.1 kHz audio using a bandwidth
filter of 13 kHz, similar to HiFiTTS [2]. This removes all au-
dio recorded at a sampling rate of 24 kHz or lower. We assume
that recording at sampling rates between 24 kHz and 44.1 kHz
is very rare, even for data in-the-wild. This process yields ap-
proximately 31.7k hours of 44.1 kHz speech with bandwidth
ranging from approximately 13 kHz to 22 kHz. We release this
subset of the data, along with metadata containing the estimated
bandwidth, to assist with future research on high bandwidth and
mixed bandwidth modeling. The resulting bandwidth distribu-
tion is shown in Figure 1.

2.4. Segmentation

Utterances in the MLS data range from 10 to 20 seconds in
length. However, for TTS training a more balanced distri-
bution of durations is desirable to prevent biases in model
performance. To achieve this, we employ the NeMo Forced
Aligner [24] with Parakeet-TDT-CTC [25] to generate align-
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Figure 1: Distribution of estimated bandwidth across utter-
ances. Orange shows low-bandwidth utterances in MLS that
are excluded from HiFiTTS-2. Green denotes high-bandwidth
utterances present in all datasets. Blue denotes utterances in-
cluded in the 22 kHz subset but absent from the 44 kHz subset.

ment information. Using these alignments, we identify utter-
ances containing a period followed by a pause of at least 0.08
seconds, ignoring periods within abbreviations. We then split
such utterances at the midpoint of the pause, similar to the seg-
mentation methodology from MLS [14]. If multiple qualifying
pauses exist within an utterance, we select the longest one for
splitting. In cases where multiple pauses have the same dura-
tion, we choose one at random. This process results in a dura-
tion distribution resembling a bell curve, as shown in Figure 2.

Figure 2: Distribution of utterance durations. Orange denotes
the original distribution before segmentation.

2.5. Text Validation

We validate the correctness of the final text using ASR. For all
segmented utterances, we compute WER (word error rate) and
CER (character error rate) using predicted transcriptions from
Parakeet-TDT-CTC [25]. We filter out utterances with a CER of
100% or greater, which correspond to utterances with incorrect
transcripts or utterances containing only silence. Applying any
higher threshold creates a trade-off between the volume and in-
telligibility of the training data. We provide the WER and CER
as metadata in the dataset, allowing users to filter using a thresh-
old appropriate for their use case. The utterance distribution of
WER and CER is shown in Figure 3.

Figure 3: Distribution of WER and CER in HiFiTTS-2.

2.6. Speaker Counts

Some LibriVox audiobooks are narrated by multiple speakers,
leading to utterances that are not always ideal for modeling pur-
poses. In order to identify and quantify the number of speakers
present in each utterance, we employ Softformer [26], a recent
end-to-end neural model for speaker diarization. This model ef-
ficiently detects instances of multi-speaker speech, allowing us
to filter and annotate such segments accordingly. Through this
process, we identify approximately 104.4 hours of speech in the
dataset as containing multiple speakers. We tag the number of
speakers for each utterance as metadata in our dataset.

3. Dataset Statistics
HiFiTTS-2 comprises utterances from LibriVox audiobooks,
with each utterance capped at 20 seconds in length. The dataset
contains two subsets:

1. A full-bandwidth 22.05 kHz subset containing 36.7k hours of
speech with 13.1M utterances from 5,013 speakers;

2. A 44.1 kHz subset with bandwidths above 13 kHz contain-
ing 31.7k hours of speech with 11.3M utterances from 4,631
speakers.

These subsets are overlapping, with the 44.1 kHz being a strict
subset of the 22.05 kHz.

Table 2 provides a comparison between HiFiTTS-2 and
other datasets commonly used for speech synthesis, highlight-
ing its significant scale advantage.

We provide two sets of dev and test splits: one for speakers
seen in the training data and the other one for unseen speak-
ers not present in the training data. To ensure consistency and
maximize data quality, we use the same utterances for both the
22.05 kHz and 44.1 kHz subsets, selecting only utterances with
at least 13 kHz bandwidth, zero WERs, and a single speaker.

For unseen speakers, we use utterances produced by pass-
ing the MLS dev and test partitions through our data processing
pipeline. This creates an unseen speaker dev set with 1098 utter-
ances from 29 speakers and a test set with 968 utterances from
27 speakers.

For seen speakers, we create dev and test partitions each
consisting of 1,000 utterances. These utterances were selected
by sampling 50 speakers with 15 to 60 minutes of training au-
dio, and sampling 20 utterances from each speaker such that ut-
terances are uniformly distributed across gender, duration, and
bandwidth.

These carefully curated splits facilitate the robust evalua-
tion of model performance, important for assessing the general-
ization of speech synthesis systems.

Table 2: Statistics for HiFiTTS-2 compared to other datasets.

Dataset Sampling Rate Hours Speakers

VCTK 48 kHz 44 110
HiFiTTS 44.1 kHz 292 10
LibriTTS 24 kHz 586 2,456
MLS (English) 16 kHz 44.7k 5,574
HiFiTTS-2 (22 kHz) 22.05 kHz 36.7k 5,013
HiFiTTS-2 (44 kHz) 44.1 kHz 31.7k 4,631

4. Experiments
To demonstrate the benefit of using HiFiTTS-2 for speech syn-
thesis, we employ Koel-TTS [6], a state-of-the-art encoder-
decoder architecture. We compare performance at 22.05 kHz
against existing LibriVox datasets: LibriTTS and HiFiTTS.
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Table 3: Koel-TTS results. Note that the model trained exclusively on HiFiTTS has no seen speakers in the test set.

Seen Speakers Unseen Speakers

Train Datasets Dur (hrs) #Spks CER (%)↓ WER (%) ↓ SSIM ↑ SQUIM-MOS ↑ CER(%)↓ WER (%) ↓ SSIM ↑ SQUIM-MOS ↑

Ground Truth (oracle) 0.51±0.00 1.42±0.00 0.763±0.000 4.616±0.030 0.80±0.00 1.83±0.00 0.771±0.000 4.588±0.020

HiFiTTS 283 10 – – – – 6.97±0.37 10.38±0.36 0.059±0.004 4.380±0.005
LibriTTS 539 2,259 0.92±0.22 2.13±0.30 0.550±0.002 4.390±0.005 1.44±0.27 2.48±0.26 0.494±0.003 4.383± 0.004
HiFiTTS, LibriTTS 822 2,265 0.77±0.13 1.72±0.17 0.723±0.002 4.461±0.013 0.80±0.07 1.67±0.11 0.588±0.002 4.414±0.011

HiFiTTS-2 30,400 4,940 0.47±0.11 1.21±0.12 0.714±0.002 4.388±0.004 0.57±0.11 1.42±0.13 0.731±0.001 4.387±0.005
HiFiTTS, LibriTTS, HiFiTTS-2 31,222 5,657 0.62±0.15 1.43±0.17 0.739±0.002 4.385±0.007 0.57±0.04 1.39±0.08 0.739±0.002 4.382±0.006

4.1. Koel-TTS Model

Koel-TTS [6] consists of an autoregressive (AR) trans-
former decoder conditioned on text encodings from a non-
autoregressive (NAR) transformer encoder, using cross-
attention layers. The model has approximately 378M train-
able parameters. The AR transformer predicts audio tokens
frame by frame, generating all codebooks in parallel at each
time step, conditioned on the input text and previous audio to-
kens. As shown in Figure 4, the context audio tokens are di-
rectly provided as input to the AR decoder by prepending them
to the target audio tokens. A single unified transformer decoder
processes both the context and target audio tokens, leveraging
a shared representation for conditioning and prediction. We
adapted classifier-free guidance (CFG) [6] to train models by
dropping out the text and audio conditionals with a probability
of 10%. During inference, we applied a CFG scale of 2.5 to
guide the AR token prediction for more precise control over the
generated speech.

Our models are trained on 32 NVIDIA DGX H100 GPUs
using a global batch size of 512. We use an Adam optimizer
with an initial learning rate 1e-5 for small-scale training with
LibriTTS and HiFiTTS, and 2e-4 for large-scale training with
HiFiTTS-2 and their combinations. No weight decays are ap-
plied. The learning rate is annealed every 1,000 training steps
with an exponential decay factor of 0.998.

Figure 4: Koel-TTS Model Architecture

4.2. Evaluation Metrics and Data

We evaluated the synthesized speech on intelligibility, speaker
similarity, and audio quality. Intelligibility is measured with
character error rate (CER) and word error rate (WER) com-
puted by a state-of-the-art ASR Model Parakeet-TDT [25].
Speaker similarity is measured with cosine similarity between
synthesized and context audio embeddings extracted by a
speaker recognition model Titanet-Small [27]. Audio qual-
ity is measured with a reference-free MOS estimator SQUIM-
MOS [28]. We use multinomial top-k sampling with k=80 and
temperature=0.6 during inference, and report mean met-
rics with 95% confidence intervals after running 10 times for

each experiment.
For training data, we train one model for each individual

dataset: LibriTTS, HiFiTTS, and HiFiTTS-2. Both clean and
other subsets are chosen for LibriTTS and HiFiTTS. We also
experiment with combining datasets. For each dataset, we man-
ually create triplets of (5-second context audio, transcript, target
audio), where context and target audio are distinct utterances
from the same speaker. For HiFiTTS-2, we also discarded the
triplets where target audio CER is greater than 3% or speaker
similarity between context and target audio is less than 0.6. This
filtering results in 30,400 hours of training data.

For test data: We evaluate models on subsets of LibriTTS
for both seen and unseen speakers. We withhold 200 utter-
ances from 170 speakers in train-clean-360 as seen speakers,
and 180 utterances from 36 speakers in test-clean as unseen
speakers. We use 5 distinct context and target audio pairs from
each speaker.

4.3. Results and Analysis

Table 3 illustrates the comparison between Koel-TTS models
trained on individual datasets and their combination. We ob-
served that the model trained on LibriTTS serves as a strong
baseline, performing well on metrics for both seen and unseen
speakers. As expected, the model trained solely on HiFiTTS
underperforms on unseen speakers due to its limited speaker
diversity covering only 10 speakers, as shown in Table 2. Com-
bining LibriTTS and HiFiTTS improves performance on both
seen and unseen speakers, achieving performance on SQUIM-
MOS slightly better than even the large-scale trainings. How-
ever, the most substantial improvements come from training
with HiFiTTS-2, which significantly enhances performance, es-
pecially in speaker similarity for unseen speakers. This high-
lights the benefits of our proposed large-scale dataset. Further-
more, training with all three available datasets led to additional
improvements, particularly for unseen speakers, emphasizing
the critical role of diverse, large-scale data for zero-shot TTS.

5. Conclusion
In this paper we introduce HiFiTTS-2, a large-scale English
dataset designed for modeling high-bandwidth speech. Derived
from LibriVox audiobooks originally downloaded at 48 kHz,
the dataset is processed through our custom pipeline to assess
and ensure the quality of both audio and transcripts. Our ex-
periments demonstrate the effectiveness of HiFiTTS-2 and our
data processing methods for TTS applications, and we believe
its utility can extend to other domains such as bandwidth exten-
sion. In future, we aim to expand our work to incorporate data
from diverse sources and languages, and to explore applications
beyond TTS that require high-bandwidth audio processing.
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