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Abstract

In this paper, we introduce L2-ARCTIC, a speech corpus of
non-native English that is intended for research in voice
conversion, accent conversion, and mispronunciation detection.
This initial release includes recordings from ten non-native
speakers of English whose first languages (L1s) are Hindi,
Korean, Mandarin, Spanish, and Arabic, each L1 containing
recordings from one male and one female speaker. Each
speaker recorded approximately one hour of read speech from
the Carnegie Mellon University ARCTIC prompts, from which
we generated orthographic and forced-aligned phonetic
transcriptions. In addition, we manually annotated 150
utterances per speaker to identify three types of
mispronunciation errors: substitutions, deletions, and additions,
making it a valuable resource not only for research in voice
conversion and accent conversion but also in computer-assisted
pronunciation training. The corpus is publicly accessible at
https://psi.engr.tamu.edu/l2-arctic-corpus/.

Index Terms: speech corpus, voice conversion, accent
conversion, mispronunciation detection

1. Introduction

Voice conversion (VC) [1] aims to transform utterances from a
source speaker to make them sound as if a target speaker had
uttered them. The closely related problem of accent conversion
(AC) [2] goes a step further, mixing the source speech’s
linguistic content and accent with the target speaker’s voice
quality to create utterances with the target’s voice but the
content and pronunciation of the source speaker. When teaching
a second language (L2), accent conversion can be used to create
a “golden speaker,” a synthesized voice that has the learner’s
voice quality but with a native speaker’s accent (e.g., prosody,
intonation, pronunciation) [3]. Several studies [4, 5] have
suggested that having such a “golden speaker” to imitate can be
beneficial in pronunciation training. Furthermore, in addition to
providing language learners with a suitable voice to mimic,
detecting mispronunciations is also a critical component for
providing useful feedback to the learners in computer-assisted
pronunciation training [6].

To train and evaluate voice and accent conversion systems
designed for non-native speakers, one needs high-quality
parallel recordings from the source and target speakers.
Likewise, to develop and benchmark mispronunciation
detection algorithms, detailed phoneme level annotations on
pronunciation errors (e.g., phone substitution, additions, and
deletions) are required. However, existing non-native English

! JIMK: Canadian accent; AWB: Scottish accent; KSP: Indian accent
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corpora (e.g., Speech Accent Archive [7] and IDEA [8]) do not
fulfill these requirements (refer to section 2 for a detailed
discussion.)

To fill this gap, we have built a non-native English speech
corpus that contains ten non-native speakers of English in the
initial release. The end goal for this corpus is to include 20
speakers from five different native languages: Hindi, Korean,
Mandarin, Spanish, and Arabic. For each speaker, the corpus
contains the following data:

o Speech recordings: over one hour of prompted recordings
of phonetically-balanced short sentences

e Word level transcriptions: orthographic transcription and
forced-aligned word boundaries for each sentence

e Phoneme level transcriptions: forced-aligned phoneme
transcription for each sentence

e Manual annotations: a selected subset of utterances (~150),
including 100 sentences produced by all speakers and 50
sentences that include phonemes likely to be difficult
according to each speaker’s L1, all annotated with corrected
word and phone boundaries; phone substitution, deletion,
and addition errors are also tagged

The dataset is hosted on an online archive and is freely
available to the research community for non-commercial use.
To the best of our knowledge, L2-ARCTIC is the first openly
available corpus of its kind.

2. The need for a new L2 English corpus

A number of voice conversion studies [9-12] have relied on the
Carnegie Mellon University (CMU) ARCTIC speech corpus
[13] and, more recently, the Voice Conversion Challenge
(VCC) dataset [14]. However, little attention has been paid to
voice conversion between non-native speakers of English, in
part due to the lack of high-quality speech recordings from
those speakers, despite 80% of the English speakers in the
world being non-native [15]. For example, CMU ARCTIC only
has a few accented English speakers', either native speakers of
different English dialects or highly proficient non-native speak-
ers, whereas the VCC dataset was recorded solely by profes-
sional voice talents who are native English speakers. Therefore,
these standard corpora are not suitable for either voice conver-
sion between non-native speakers nor accent conversion tasks.

Among the non-native English corpora, the Speech Accent
Archive [7] and IDEA [8] cover a wide range of native
languages and speakers. However, each speaker only recorded
a short paragraph (Speech Accent Archive) or a short free
speech task (IDEA), and most of the recordings have strong

10.21437/Interspeech.2018-1110
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background noise, making them ill-suited for voice/accent
conversion. The Wildcat [16], LDC2007S08 [17], and
NUFAESD [18] datasets have a limited number of recordings
for each non-native speaker, and have restricted access —
LDC2007S08 requires a fee, while Wildcat and NUFAESD are
limited to designated research groups.

As for corpora for mispronunciation detection, the CU-
CHLOE [19] and College Learners’ Spoken English Corpus
(COLSEC) [20] only contain speech and error tags from
Chinese learners of English, and CU-CHLOE is (to our
knowledge) not publicly available. The ISLE Speech Corpus
[21] contains mispronunciation tags and is open for academic
access, but it only focuses on a limited group of English learners
(German and Italian). SingaKids-Mandarin [22] has a rich set
of speech data, but it only focuses on mispronunciation patterns
in Singapore children’s Mandarin speech. In fact, most existing
mispronunciation detection systems use their private datasets,
which makes it difficult to compare experimental results across
different publications [19, 23-25].

To overcome the insufficiencies outlined above, we
constructed (and are now releasing) L2-ARCTIC to provide an
open corpus for voice conversion between accented speakers,
accent conversion, and mispronunciation detection. Zhao et al.
[26] have performed a preliminary evaluation on voice/accent
conversion tasks using a subset of the speakers in L2-ARCTIC.
Using a joint-density GMM with MLPG and global variance
compensation [9] (128 mixtures, ~5 min of parallel training
data) as the voice conversion system, they obtained 2.5 Mean
Opinion Score (MOS) on the converted speech, which was also
rated as similar to the target voice. Furthermore, an accent-
conversion algorithm based on frame-alignment using
posteriorgrams was able to generate speech that was perceived
as similar to a non-native target voice but markedly less
accented (98% preference compared to non-native speech).
This manuscript presents preliminary results on a new task:
mispronunciation detection.

3. Corpus curation procedure

This initial release of L2-ARCTIC contains English speech of
speakers from five different first languages: Hindi' [27],
Korean, Mandarin, Spanish, and Arabic. We chose these L1s
because each one has a distinct foreign/non-native accent in
English and provides unique challenges. Indian speakers of
English typically have native-like English fluency but use
segmental and suprasegmental features in ways that are distinct
from American English. Thus, Indian speakers have both
advantages in approaching pronunciation changes (e.g.,
familiarity and comfort with English) and disadvantages
(comfort with their English variety makes it particularly
difficult to adjust their speech to salient differences with
American English.) Korean learners of English have a large
number of high functional load consonant and vowel
difficulties (errors with many minimal pairs). Prosodically,
Korean and English employ suprasegmental systems that have
little overlap [28, 29]. Mandarin (Chinese/Putonghua) learners
of English have difficulty with a range of consonant and vowel
sounds and in producing correct English stress, intonation, and
juncture [30-32]. Spanish learners of English may have
difficulties distinguishing a number of high functional load
contrasts in English [33, 34]. Spanish is also a five-vowel

! Hindi is an Indo-Aryan language that is both an L1 and a language of
wider communication. Thus Hindi speakers in the corpus may use Hindi

language, and Spanish learners find the more complex English
vowel system especially challenging. Like English, Spanish
uses both word stress and nuclear stress for emphasis but,
because it does not use the unstressed vowel schwa, realizes
stress differently. Finally, Arabic also has significantly fewer
vowels than English, and while Arabic has word stress, it does
not use stress in the same way that English does [35, 36]. In the
future, we may also include speakers from other L1s if we find
them to be useful to the research community.

3.1. Participants

For this initial release, we recruited two speakers (one male and
one female) for each of the Lls, for a total of ten speakers.
Speakers were recruited from lowa State University’s student
body; their age range was from 22 to 43 years, with an average
of 29 years (std: 6.9.) Demographic information of the speakers
is summarized in Table 1. The proficiency level of English was
measured using TOEFL iBT scores [37].

Table 1: Demographic information of the speakers

Speaker L1 Gender TOEFLiBT
HKK Korean M 114
YDCK Korean F 110
BWC Mandarin M 80
LXC Mandarin F 86
YBAA Arabic M 100
SKA Arabic F 79
EBVS Spanish M 70
NJS Spanish F 110
RRBI Hindi M 91
TNI Hindi F 99

3.2. Recording the corpus

To create the corpus, we used the 1,132 sentences in the CMU
ARCTIC prompts. There were multiple reasons to choose these
sentences. First, the ARCTIC prompts are phonetically
balanced (100%, 79.6%, and 13.7% coverage for phonemes,
diphones, and triphones, respectively), are open source, and can
produce around one hour of edited speech. Second, the
ARCTIC corpus itself has proven to work well with speech
synthesis [38] and voice conversion tasks [9-11, 39]. Finally,
the ARCTIC prompts are challenging for non-native English
speakers so they can elicit potential pronunciation problems.

The speech was recorded in a quiet room at Iowa State
University (ISU). We used a Samson CO3U microphone and
Earamble studio microphone pop filter for recordings; the
microphone was placed 20 cm from the speaker to avoid air
puffing. During each recording session, a linguist guided the L2
speaker through the process, asking the speaker to re-record a
sentence if the production contained significant disfluency or
deviated from the prompt. All speakers were instructed to speak
in a natural manner. The speech was sampled at 44.1 kHz and
saved as a WAV file.

Once the recording was finished, we removed repetitions
and false starts, performed amplitude normalization, and
segmented the utterances into individual WAV files. All of the
above were done in Audacity [40]. The utterances were
carefully trimmed to remove the leading and trailing silence and
non-speech sounds such as lip smacks.

as an L2, speaking another Indian language as an L1. Educated Indian
English is a stable contact variety of English.
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Figure 1: 4 TextGrid with manual annotations. Top to
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Figure 2: Phoneme distribution of the corpus

3.3. Corpus annotations

Our corpus provides orthographic transcriptions at the word
level. We used the Montreal forced-aligner [41] to produce pho-
netic transcriptions in PRAAT’s TextGrid format [42], which
contains word and phone boundaries (Figure 1). Further, we
performed manual annotations on a selected subset of sentences
for each speaker. For all the speakers, we annotated a common
set of 100 sentences. In addition, we annotated 50 sentences that
included phoneme difficulties that were L1-dependent. In the
end, the corpus contains up to 150 curated phonetic transcrip-
tions per speaker!. Those transcriptions contain manually-
adjusted word and phone boundaries, correct phoneme labels,
mispronunciation error tags (phone additions, deletions, and
substitutions), and comments from the annotators. To facilitate
computer processing, we used the ARPAbet phoneme set for
the phonetic transcriptions as well as the error tags. In the
comment part of the transcriptions, however, annotators were
allowed to use IPA symbols. To ensure high-quality
annotations, we developed automated scripts to check the

! Some speakers did not read all sentences, and a few sentences were
removed for some speakers since those recordings did not have the
required quality.
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annotation consistency and then asked human annotators to fix
problems. The annotators (N=3) were PhD students in the
Applied Linguistics and Technology program at ISU. They
were experienced in transcribing speech samples of native or
non-native English speakers.

4. Corpus statistics

In total, the dataset contains 11,026 utterances, with most
speakers recording the full ARCTIC set (1,132 utterances.)!
The total duration of the corpus is 11.2 hours, with an average
of 67 minutes (std: 9 minutes) of speech per L2 speaker. On
average, each utterance is 3.7 seconds in duration. The pause
before and after each utterance is generally no longer than 100
ms. Using the forced alignment results, we estimate a speech to
silence ratio of 7:1 across the whole dataset. The dataset
contains over 97,000 word segments, giving an average of
around nine words per utterance, and over 349,000 phone
segments (excluding silence). The phoneme distribution is
shown in Figure 2.

Human annotators manually examined 1,499 utterances,
annotating 5,199 phone substitutions, 1,048 phone deletions,
and 497 phone additions. Figure 3 (a) shows the top-20 most
frequent phoneme substitution tags in the corpus. The most
dominant substitution errors were “Z—S,” (voicing) “DH—D,”
(fricative—stop) “IH—IY,” and “OW—AO” (use of a tense
vowel for lax, and vice versa.) Each contains English phoneme
distinctions that lead to common substitution errors for varied
English learners. Figure 3 (b) shows the phone deletion errors
in the annotations. In our sample group, the most frequent
phoneme deletions were “D,” “T,” and “R,” almost always in
non-initial position. Many non-native speakers of English do
not pronounce the American English phoneme “R” in
postvocalic position (e.g., in car and farm.) “T” and “D” often
occur as word endings and in consonant clusters both within
and across words, where they were often omitted. Figure 3 (c)
shows the phone addition errors in the annotations. The ones
that stood out were “AH,” “EH,” “R,” “AX (schwa),” “G”, and
“IH.” The vowel additions simplify complex syllable structures
with consonant clusters and so may serve to make the word
more pronounceable. Table 2 provides a breakdown of
pronunciation errors by L1s. Although others have used L1 to
predict L2 pronunciation errors [33, 34, 43], such predictions
are often inaccurate when applied to individual learners. Thus,
this list is meant to start a discussion of the types of errors that
actually occur in L2-ARCTIC.

Table 2: Most frequent errors by native language; the top-5
error occurrences are listed in descending order

L1 Substitutions Deletions Additions
Hindi DH-D, Z-S, W->V R,D, T R,AH,S,Y
! EY-EH, THST ER, HH AA
DH->D, Z-S, IH->1Y D, T,R AX, IH, AH, S
Korean
OW->A0, EH->AE HH, K Y
Mandarin Z->S, DH-D, IH->1Y D, T,R AH, AX, IH
N->NG, V->F LN N, R
. Z->S, IH>1Y, DH->D D, T, AH EH, AX, AH
Spanish
AE->AA, AH->AO0 Z,H IH, IY
Arabic P->B, OW->A0 T,R,D G, AH, IH
R->ERR, DH->Z, Z->S AH, IH AX, EH
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Figure 3: L1-dependent pronunciation error distributions and the aggregated results. (a) Substitutions (b) Deletions (c) Additions.
Errors with low frequencies were omitted; all the values are the percentages with respect to the total number of each error type
(i.e., normalized universally); “ERR” means an erroneous pronunciation that is not in the ARPAbet phoneme set.

5. Mispronunciation detection evaluation

This section provides initial results on mispronunciation
detection using the 10 speakers that we have currently released.
Our implementation is based on the conventional Goodness of
Pronunciation (GOP) method as defined in [44]. The acoustic
model we used was a triphone model (tri6b) as defined by
Kaldi’s Librispeech training script [45]. It is a GMM trained
with 960 hours of native English speech [46], and contains
150,000 Gaussian mixtures. Three-state left-to-right HMMs
were used for non-silent sounds. The Kaldi implementation
does not have a fixed number of Gaussians for each HMM state.
The Word Error Rate (WER) of this acoustic model was around
8% on clean speech when combined with a 3-gram language
model.

We used the phone-independent thresholding variation of
the GOP method to make the classification decisions, i.e., if the
GOP score of a phone segment was higher than a threshold P,
then it was accepted as a correct pronunciation, otherwise it was
rejected as an error. As a preliminary result, we only focused on
substitution errors since the GOP is not suited for detecting
additions and deletions.

Two hundred and six (206) utterances were withheld to
determine the search range of the phoneme-independent
detection threshold. The remaining 1,293 utterances were used
as the testing set. In the testing data, excluding the additions and
deletion tags, there are 41,353 phone samples in total, where
4,415 (10.7%) were tagged as substitution errors. We set the log
GOP threshold between -16 and 0 and made the step size 0.1.
For each experiment condition, we computed the detection
precision rate as Ny /N and the recall rate as Nyy/Nerrorss
where Npy is the number of correctly predicted substitution
errors, N is the total number of segments predicted as
substitution errors, and Ngp.rs is the total number of
substitution errors in the testing set. The Precision-Recall curve
is shown in Figure 4. When we set the threshold to -4.2 (in log
scale), the precision equals recall (0.29). From this result, we
can see that the dataset is quite challenging, because it contains
speech data from different L1 backgrounds and recorded by
speakers with a wide range of pronunciation challenges. This
GOP implementation is open source and is available online'.

! https:/github.com/guanlongzhao/kaldi-gop
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6. Conclusion

This paper has presented L2-ARCTIC, a new non-native
English speech corpus designed for voice conversion, accent
conversion, and mispronunciation detection tasks. Each speaker
in L2-ARCTIC produced sufficient speech data to capture their
voice identity and accent characteristics. Detailed annotations
on mispronunciation errors are also included. Thus, it is possi-
ble to use this corpus to develop and evaluate mispronunciation
detection algorithms. To the best of our knowledge, L2-
ARCTIC is the first of its own kind, and we believe it fills gaps
in both voice/accent conversion and pronunciation training.

The corpus is released under the CC BY-NC 4.0 license
[47] and is available at https://psi.engr.tamu.edu/12-
arctic-corpus/. Future work will be focusing on adding ten
more speakers to the corpus.
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Abstract

Speech restoration aims to remove distortions in speech sig-
nals. Prior methods mainly focus on a single type of distor-
tion, such as speech denoising or dereverberation. However,
speech signals can be degraded by several different distortions
simultaneously in the real world. It is thus important to extend
speech restoration models to deal with multiple distortions. In
this paper, we introduce VoiceFixer, a unified framework for
high-fidelity speech restoration. VoiceFixer restores speech from
multiple distortions (e.g., noise, reverberation, and clipping) and
can expand degraded speech (e.g., noisy speech) with a low
bandwidth to 44.1 kHz full-bandwidth high-fidelity speech. We
design VoiceFixer based on (1) an analysis stage that predicts
intermediate-level features from the degraded speech, and (2) a
synthesis stage that generates waveform using a neural vocoder.
Both objective and subjective evaluations show that VoiceFixer
is effective on severely degraded speech, such as real-world his-
torical speech recordings. Samples of VoiceFixer are available
at https://haoheliu.github.io/voicefixer.

Index Terms: speech restoration, speech super-resolution, neu-
ral vocoder, speech synthesis, deep learning

1. Introduction

Human speech often suffers from distortions such as background
noise, room reverberations, or clipping from low-quality devices.
Those distortions degrade the perceptual quality of human listen-
ers. Speech restoration is a task to restore degraded speech to
high-quality speech, which is useful in a wide range of applica-
tions such as online meeting [1] and hearing aids [2].

Previous speech restoration methods mainly focus on a sin-
gle type of distortion, such as speech denoising [3], dereverbera-
tion [4], super-resolution [5], and declipping [6]. However, in the
real world, speech signals can be degraded by several different
distortions simultaneously. These mismatches limit the perfor-
mance of these systems. Several works have explored restoring
speech with multiple distortions, such as noise and reverber-
ation [7, 8]. But other distortions such as low-resolution and
clipping receive less attention, despite their significant impacts
on speech perceptual quality.

Speech fidelity is important to perceptual quality. How-
ever, existing methods show limited performance on high-fidelity
speech restoration. For example, for a noisy speech with low
bandwidth, although the speech denoising method could remove
noises, the restored speech would be still in low fidelity. One way
to address this issue is to concatenate speech restoration meth-
ods (e.g., denoising) with the speech super-resolution method.

* The first two authors contributed equally to this work.
T Part of this work was done during the internship at ByteDance

dwang@cse.ohio-state.edu

However, this approach has limitations such as increasing com-
putational cost and accumulating the artifacts introduced by each
speech restoration model. To our knowledge, restoring low-
bandwidth speech with multiple distortions has not been studied
in the literature.

This paper introduces VoiceFixer, a unified framework for
high-fidelity speech restoration. VoiceFixer restores speech from
multiple distortions (e.g., noise, reverberation, and clipping) and
could expand distorted speech with a low bandwidth between
1 kHz and 22.05 kHz to a full-bandwidth high-fidelity speech
signal. We design VoiceFixer based on a two-stage strategy: (1)
an analysis stage that performs mel spectrogram estimation; (2)
a synthesis stage that generates the speech signal from the esti-
mated mel spectrogram. Compared to the conventional speech
restoration methods that operate on spectrogram or waveform,
VoiceFixer uses the low dimensional mel spectrogram as the
intermediate-level feature, which alleviates the difficulties of
restoring multiple distortions simultaneously. In addition, neural
vocoders [9] are usually trained on large-scale speech datasets.
This provides prior knowledge on synthesizing waveform from
low-dimensional mel spectrogram. The contributions of this
paper are listed as follows:

‘We present VoiceFixer, a unified framework for 44.1 kHz high-
fidelity speech restoration. VoiceFixer can restore degraded
speech from multiple distortions (e.g., noise, reverberation,
clipping, and low-bandwidth).

Evaluation result shows the effectiveness of VoiceFixer, which
achieves a 0.256 higher mean opinion scores (MOS) than the
baseline method.

We release the pre-trained model and source code' of Voice-
Fixer to encourage future research.

The rest of this paper is organized as follows. Section 2
introduces the formulations of speech distortions we addressed.
Section 3 describes the architecture of our proposed VoiceFixer.
Experiments are presented in Section 4. In Section 5, we sum-
marize this study and discuss our future directions.

2. Problem Formulation

We denote a segment of a speech signal as s € R, where
L is the number of samples in the segment. We model the
speech distortion process as function d(-). The degraded speech
x € RE thus can be written as 2 = d(s). Speech restoration
aims to restore high-quality speech § from z by § = f(x), where
f(-) is the restoration function and can be viewed as an inverse
approximation of d(-). The target of the restoration function is
to estimate s by restoring § from the degraded speech z.

https://github.com/haoheliu/voicefixer_main
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Figure 1: Overview of the proposed VoiceFixer framework. The analysis module and synthesis module are trained separately.

Distortion modeling is an important step to simulate training
data when building speech restoration systems. Previous works
model distortions in a sequential order [10, 11]. Similarly, we
model the distortion d(+) as a composite function:

d(z) =diodzo...dg(x),dg €D,g=1,2,..,Q, (1)

where o stands for function composition and @ is the number
of distortions consisted in d(-). D = {d.(-)}4— is the set of
distortion types, where V' is the total number of types. Equation 1
describes the procedure of compounding different distortions
from D in a sequential order. The four types of speech distortions
we addressed in this work are introduced as follows.

Additive noise is one of the most common distortion and can be
modeled by the addition between speech s and noise n € RE:

dnoise (8) = s+ n. 2)

Reverberation is caused by the reflections of signal within a
space. Reverberation makes speech signals sound distant and
blurred. It can be modeled by convolving speech signals with a
room impulse response filter (RIR) r:

drev(s) = s * 1, 3)

where * stands for convolution operation.

Clipping distortion refers to the clipped amplitude of audio sig-
nals when their amplitude exceeds the maximum level. Clipping
can be modeled by restricting signal amplitudes within a range
[_17’ +7ﬂ5

daip(s) = max(min(s,n), —m),n € [0,1]. (4

In the frequency domain, the clipping effect produces harmonic
components in the high-frequency part and degrades speech
intelligibility accordingly.

Low-bandwidth distortion refers to the limited bandwidth in
the audio recordings caused by low sampling rate or defects
in the recording device. We follow the description in [12] to
produce low-bandwidth distortions but add more filter types [13].
After designing a low pass filter h, we first convolve it with s to
avoid the aliasing phenomenon. Then we perform resampling
on the filtered result from the original bandwidth o to a lower
bandwidth u:

diowow($) = Resample(s * h, 0, w). 5)
3. Approach
The two-stage strategy of VoiceFixer is formulated as follows:
frxw—z 6)

gz 8. @]

Equation 6 denotes the analysis stage of VoiceFixer where a
distorted speech x is mapped into a intermediate-level feature z.
Equation 7 denotes the synthesis stage of VoiceFixer, which syn-
thesizes z to the restored speech §. The overview of VoiceFixer
framework is depicted in Figure 1.

3.1. Analysis stage

The goal of the analysis stage is to predict the intermediate rep-
resentation z, which can be used later to recover the speech
signal. In our study, we choose the mel spectrogram as the inter-
mediate representation. Mel spectrogram has been widely used
in tasks such as speech enhancement [14] and audio synthesis
[15, 16]. The frequency dimension of the mel spectrogram is
usually much smaller than the magnitude spectrogram calculated
using short-time-fourier-transform (STFT), thus working on mel-
scale can reduce the dimension of feature space and offer a more
tractable restoration process. The objective of the analysis stage
is to restore the mel spectrogram of the target signals, which can
be written as follows:

S‘mel = fmel(Xmel; CM) © (Xmel + 6)7 (8)

where X is the mel spectrogram of z. It is calculated by
Xmel = | X| W, where | X| is the magnitude spectrogram of
and W is a set of mel filter banks. The columns of W are not
divided by the numbers of mel bands, because this will make
the restoration model difficult to recover the high-frequency part.
The mapping function fmel(+; @) is the mel-restoration mask-
estimation model parameterized by . Xpe is added with a
minimum value e before multipling with the output of fuel. € is
setto 1 x 10~ in this work to avoid zero values in Xpel.

We use ResUNet [17, 18] to model the analysis stage. Re-
sUNet consists of six encoder and six decoder blocks. There
are skip connections between encoder and decoder blocks at the
same level. Both encoder and decoder blocks have a similar
structure of four residual convolutions. Each residual convolu-
tional consists of a batch normalization, a leakyReLU activation,
and a two-dimensional convolutional operation. We utilize aver-
age pooling and transpose convolution for the upsampling and
downsampling in the encoder and decoder blocks. We will refer
to ResUNet as UNet in the remaining parts. We optimize the
model in the analysis stage using the MAE loss between the
estimated and the target mel spectrogram, Simel and S

Lyag = HSmel — Shnel . )

3.2. Synthesis stage

We realize the synthesis stage with a neural vocoder, which
synthesizes the mel spectrogram into waveform, as denoted in
the following Equation 10:

s :g(Xmel;B)y (10)
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where g(-; 3) stands for the vocoder model parameterized by 3.
The number of speakers used for the training of vocoder is much
larger than that used in the analysis stage, which increases the
robustness of VoiceFixer when generalizing to unseen speakers.
We employ a pre-trained? time and frequency domain-based gen-
erative adversarial network (TFGAN) [19] as a vocoder. TFGAN
achieves strong performance on 44.1 kHz speaker-independent
speech vocoding, which will be discussed in detail in Section 4.

4. Experiments

We conduct two types of experiments to evaluate the perfor-
mance of VoiceFixer: (1) High-fidelity speech restoration from
simultaneously appearing noise, reverberation, clipping, and low-
bandwidth distortions; (2) Single type restoration from speech
with only one type of distortion (e.g., denoising). In the follow-
ing sections, we first describe the experimental data preparation,
then present the results of these two experiments. The test sets
used in this section are publicly available®.

4.1. Experimental data preparation

Training a speech restoration system relies on pairs of distorted
speech and clean speech. In the high-fidelity speech restoration
task, we simulate speech with multiple distortions. As introduced
in Section 2, we simulate four types of speech distortion: additive
noise, reverberation, clipping, and low-bandwidth. Three types
of datasets are used for the simulation, including clean speech,
noise data, and room impulse response (RIR). Note that clipping
and low-resolution distortion only need the clean speech dataset
for simulation and do not depend on other datasets. We introduce
the three types of datasets as follows.

Clean speech we used is based on VCTK [20], which is a multi-
speaker English corpus that consists of 110 speakers with differ-
ent accents. The version of VCTK we used is 0.92. Following
the setups in other studies [21], speakers p280 and p315 are
omitted for the technical issues. The remaining part is split into
a training set VCTK-Train with 98 speakers and a testing set
VCTK-Test with the last 8 speakers. The remaining 2 speakers
are omitted as they appear in the test set for denoising.

Noise data we used is based on two datasets. The first one
is VCTK-Demand (VD) [22]. VD contains a training part VD-
Train and a testing part VD-Test. Both parts contain clean speech
and noisy speech data. To obtain the noise data from VD, we
minus each noisy data in VD-Train with its corresponding clean
part to get the noise dataset VD-Noise for training. The second
noise dataset we use is the TUT urban acoustic scenes 2018
dataset [23], which contains 89 hours of high-quality recording
from 10 acoustic scenes (e.g., airport). This dataset contains
a development part and an evaluation part. We only use the
evaluation part (DCASE-Eval) for the simulation of the test set
for high-fidelity speech restoration.

Room impulse response is randomly simulated to add reverber-
ation effect on 44.1 kHz speech. Simulation is performed using
an open-source tool*. All the related parameters are randomized,
including the size of the room, the placement of the microphone
and the sound source, the RT60 value, and the pickup pattern of
the microphone. In total, 43239 filters are simulated, in which
we randomly split out 5000 filters as the test set RIR-Test and
named the other 38239 filters as RIR-Train.

’https://github.com/haoheliu/voicefixer

3https://zenodo.org/record/5528144

“https://github.com/sunits/rir_simulator_
python

4.2. High-Fidelity speech restoration
4.2.1. Data sets and distortion modeling

In this task, we simulate low-quality speech with four distortions
in the training and test set, including noise, reverberation, clip-
ping, and low bandwidth. Training data is simulated on the fly
based on the speech data in VCTK-Train, the noise in VD-Noise,
and RIR in RIR-Train. We set up the parameters of each dis-
tortion to be completely random to better cover the real-world
cases. The test set we used in high-fidelity speech restoration,
HiFi-Res, is constructed based on the clean speech in VCTK-
Test, the noise in DCASE-Eval, and RIR in RIR-Test. HiFi-Res
consists of 501 three seconds utterances with similar random
distortions simulated as the training process. We first generate
the distortions following specific order: reverberation, noise,
and clipping. Then the degraded speech is low-pass filtered and
down-sampled to an arbitrary low sampling rate between 2 kHz
to 44.1 kHz. Details of the distortion modeling in this work are
made available on GitHub®.

4.2.2. Experiment details

All the audio files in our datasets are resampled to 44.1 kHz
sampling rate. We calculate STFT using the Hanning window
with a window length of 2048 and a hop size of 441. The mel
filterbank we used consists of 128 filters. For training, We use
Adam optimizer with 31 = 0.5, B2 = 0.999, an initial learning
rate of 3 x 10™* and a batch size of 24. The first 1000 steps
are warmup steps, during which the learning rate grows linearly
from 0 to 3 x 10~*. The learning rate is scheduled for decay
by 0.9 every 400 hours of training data. We trained our model
using four Nvidia-V100-32GB GPUs for two days.

4.2.3. Baseline systems

We mainly use four baseline systems in the experiment. We
implemented an UNet-based system (Baseline-UNet) for the
high-fidelity speech restoration task, which structure is similar
to the analysis module of VoiceFixer. It performs restoration
by estimating STFT of the high-quality speech and reusing the
phase of the degraded speech, which is a common approach in
previous speech restoration systems [24]. As for the Oracle-Mel
system, we directly use the target mel spectrogram as input to
the vocoder to simulate the case when the analysis module works
ideally. So, Oracle-Mel marks the theoretical upper bound of
the VoiceFixer performance. For the Target system, scores are
calculated using the ground truth clean speech. Conversely, the
Unprocessed system evaluated directly on the distorted speech.

4.2.4. Evaluation metrics

We use both objective and subjective evaluation metrics. The ob-
jective metrics including log-spectral distance (LSD) [25], wide-
band perceptual evaluation of speech quality (PESQ-wb) [26],
and structural similarity (SSIM) [27]. Since neural vocoders
generate waveforms directly from mel spectrograms, even with
the same perceptual quality, the generated waveforms may not
align with the target waveform in the time domain. This mis-
alignment can considerably degrade the objective metrics, as is
often the case in generative model [28]. Nevertheless, we report
the model performance on these objective metrics for reference.

‘We use mean opinion scores (MOS) as the subjective eval-
uation metric and invite eight internal language experts in

Shttps://github.com/haocheliu/voicefixer_main
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Table 1: Evaluation result on the high-fidelity speech restoration
test set HiFi-Res. Higher PESQ-wb, SSIM, MOS value indicates
better performance, while LSD is the opposite. The best value
for each metric is shown in bold.

Models PESQ-wb LSD SSIM MOS
Unprocessed 1.94 200 0.64 2.38
Oracle-Mel 2.52 091 074 3.74
Target 4.64 0.01 1.00 3.95
Baseline-UNet 2.67 1.01  0.79 3.37
VoiceFixer 2.05 1.01 0.71 3.62
Target - T

Oracle A — 3

VoiceFixer —{
Baseline-UNet{ » ——m—o 1 }——

Unprocessed{ —_____tr— }——

1 2 3 4 5

Figure 2: Box plot of the MOS scores on HiFi-Res test set. Red
and black vertical lines represent median and mean values.

ByteDance to perform evaluation. Their task is to rate the overall
speech quality of an audio clip with a score between 1 (bad) to
5 (excellent). Each system has 38 samples for evaluation. We
average the MOS values across all language experts as the final
result.

4.2.5. Evaluation results

Table 1 shows the experimental results and Figure 2 depicts the
box plot of the MOS scores. The Oracle-Mel system achieves
a MOS score of 3.74, which is close to the Target MOS of
3.95, indicating that the vocoder performs well in the synthesis
stage. We observe that VoiceFixer obtains 0.256 higher MOS
score than that of Baseline-UNet and is only 0.11 lower than
the Oracle-Mel, demonstrating its good performance for high-
fidelity speech restoration. Although VoiceFixer performs worse
on PESQ-wb and SSIM metrics, it has a much better MOS score
than Baseline-UNet. This result shows that the improvement in
subjective metrics in VoiceFixer is not always consistent with
objective evaluations.

4.3. Single type restoration

To further demonstrate the effectiveness of VoiceFixer, we con-
duct two benchmark speech restoration experiments: speech
denoising and speech declipping.

4.3.1. Denoising

For speech denoising, we evaluate the model performance on
VD-Test (as described in Section 4.1). VD-Test contains 824
utterances from a female speaker and a male speaker. The test
set is simulated at four SNR levels, which are 17.5 dB, 12.5 dB,
7.5 dB, and 2.5 dB. The original data is sampled at 48 kHz. We
downsample it to 44.1 kHz to fit our experiments. We adopt three
recent methods SEGAN [29] , WaveUNet [30], and the model
trained with weakly labeled data [31] (referred to WL-Model)
as baseline methods.

We use the objective metric PESQ-wb [26] and the subjec-
tive metric MOS to evaluate model performance. Experimental

Table 2: Evaluation result on the VD-Test test set. Superscript
indicates the model is only trained on a single restoration task.

Models PESQ-wb  MOS
Unprocessed 1.97 3.20
Oracle-Mel 2.85 3.64
Target 4.50 3.69
*SEGAN [29] 2.16 /
*WaveUNet [30] 2.40 /
*WL-Model [31] 2.28 /
Baseline-UNet 2.82 3.64
VoiceFixer 243 3.69

Table 3: Evaluation result on the declipping test set DECLI.

Clipping Level 0.25 0.1
Models STOI MOS | STOI MOS
Unprocessed 0.95 2.56 0.89 272
Oracle-Mel 0.81 344 | 0381 3.42
Target 1.00 342 1.00  3.49
*SSPADE [32] | 098 334 | 092 2.63
Baseline-UNet | 0.97 338 | 096 3.38
VoiceFixer 082 338 | 080 3.38

results are shown in Table 2. The PESQ-wb score of VoiceFixer
reaches 2.43, higher than SEGAN, WaveUNet, and WL-Model.
The MOS evaluations demonstrate that VoiceFixer outperforms
the baseline speech denoising model Baseline-UNet. In addition,
we observe that VoiceFixer even outperforms Oracle-Mel and
achieves the same level as Target on the MOS scores. This is be-
cause the restored results of the VoiceFixer contain more energy
in the high-frequency part, which potentially leads to a better
perceptual quality for the listener.

4.3.2. Declipping

For the declipping task, we compare VoiceFixer with a state-
of-the-art synthesis-based method SSPADE [32]. To evaluate
the model performance, we create a test set DECLI based on
VCTK-Test (as described in Section 4.1). DECLI is constructed
by first normalizing the amplitude of VCTK-Test into [—1, 1],
and then simulating clipping on each audio with two clipping
levels 0.25 and 0.1. This resulted in two declipping test sets,
each containing 2937 clipped and clean speech audios.

We adopt MOS as the subjective metric and STOI [33] as
the objective metric. A higher STOI value indicates better perfor-
mance. Experimental results are shown in Table 3. VoiceFixer
outperforms SSPADE on MOS by 0.04 and 1.25 in 0.25 and 0.1
clipping levels, respectively. The higher performance on MOS
demonstrates a better perceptual quality restoration offered by
VoiceFixer on speech declipping.

5. Conclusion

In this study, we propose VoiceFixer, an effective approach for
high-fidelity speech restoration. VoiceFixer consists of an analy-
sis stage modeled by a ResUNet and a synthesis stage using a TF-
GAN. The two stages can also be replaced by other deep learning
models. The subjective evaluation results show that VoiceFixer
achieves superior performance on high-fidelity speech restora-
tion from distortions such as noise, reverberation, clipping, and
low bandwidth. In the future, VoiceFixer will be extended to
more types of distortions.
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