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ABSTRACT

This paper presents a novel approach to audio restoration, focus-
ing on the enhancement of low-quality music recordings, and in
particular historical ones. Building upon a previous algorithm
called BABE, or Blind Audio Bandwidth Extension, we intro-
duce BABE-2, which presents a series of improvements. This
research broadens the concept of bandwidth extension to gener-
ative equalization, a task that, to the best of our knowledge, has
not been previously addressed for music restoration. BABE-2 is
built around an optimization algorithm utilizing priors from diffu-
sion models, which are trained or fine-tuned using a curated set
of high-quality music tracks. The algorithm simultaneously per-
forms two critical tasks: estimation of the filter degradation mag-
nitude response and hallucination of the restored audio. The pro-
posed method is objectively evaluated on historical piano record-
ings, showing an enhancement over the prior version. The method
yields similarly impressive results in rejuvenating the works of
renowned vocalists Enrico Caruso and Nellie Melba. This research
represents an advancement in the practical restoration of histori-
cal music. Historical music restoration examples are available at:
research.spa.aalto.fi/publications/papers/dafx-babe2/.

1. INTRODUCTION

Historical music recordings suffer from severe impairment due to
limitations of the physical recording media, alongside the wear
and tear from playback and storage [1, 2]. These degradations can
take the form of additive disturbances, decreased bandwidth, col-
oration, and nonlinear effects [3]. This project goal is to enhance
the quality of historical music recordings the audio standards of
today, making them more accessible for people used to modern
sound quality. Restoring these recordings is challenging for sev-
eral reasons. First, the problem is ill-posed, , with a multitude of
potential solutions, thereby complicating the quest for the optimal
one. Additionally, the degradation process is unknown, making
the restoration a blind inverse problem for which the solution must
be found without definite information on the necessary repairs.

In the 1970s, Stockham et al. began groundbreaking efforts
in digitally restoring gramophone recordings, notably those of the
celebrated singer Enrico Caruso [4]. At the time, the approach was
limited by technological constraints, relying on the estimation of
an equalization curve derived from the spectral average of a con-
temporary recording. Since then, the field of audio restoration has
evolved significantly [1]. Today, data-driven techniques employ-
ing deep neural networks can remove all additive disturbances si-
multaneously [5]. Deep generative models, such as diffusion mod-
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els [6], address complex restoration tasks, such as bandwidth ex-
tension [7], with unprecedented success. This study investigates a
critical question: “Can deep generative models elevate the quality
of historical music recordings to modern standards?”

To aid in this investigation, we introduce and explore the con-
cept of generative equalization, a task designed to overcome the
limitations of traditional equalization on ill-conditioned scenarios,
i.e., when some frequency bands are not present in the original
recording. In such cases, the equalization curve must be cropped;
otherwise, it will only amplify background noise. In contrast, a
generative equalizer can synthesize the missing spectral compo-
nents as to achieve the target spectral profile, as it is a generaliza-
tion of bandwidth extension. While the combination of equaliza-
tion and bandwidth extension has been previously studied [8], this
paper, to the best of our knowledge, is the first to explore this ap-
proach in the context of generative models and music restoration.

This work builds upon BABE, the authors’ prior research in
audio bandwidth extension [7], advancing it within the framework
of generative equalization. While this method showed promise for
addressing lowpass degradation, its application to real-world his-
torical recordings revealed significant limitations, primarily due
to an oversimplified degradation model. The model inadequately
described the complex coloration effects often present in histori-
cal recordings, effects that are typically attributed to the recording
technology, such as the recording horn [3, 2].

This paper introduces BABE-2, an improvement and extension
of the original BABE model, bringing a set of technical contribu-
tions designed to refine its efficacy for the restoration of historical
music recordings. This includes incorporating a novel parametriza-
tion of the degradation filter model as a zero-phase frequency re-
sponse estimate, allowing for a more flexible and richer filter struc-
ture extending beyond the previously constrained lowpass charac-
teristic. Additionally, we implement a regularization strategy to
counteract the breakpoint-collapse problem encountered in BABE,
introduce noise regularization to foster stable convergence, and
propose an initialization scheme based on the long-term average
spectra (LTAS), alongside other critical implementation details.

This paper is structured as follows. Sec. 2 outlines the basic
principles required to follow the description of the new algorithm.
This section describes the basics of diffusion models, diffusion
posterior sampling, and the previous BABE algorithm. Follow-
ing this, Sec. 3 delves into the enhancements made in the BABE-2
method, expanding the bandwidth extension techniques introduced
in [7] to encompass the broader concept of generative equalization.
Sec. 4 reports on experiments conducted with historical recordings
of piano and singing voice, and Sec. 5 describes our procedure
for selecting the training data used for restoring specific historical
singers. Furthermore, this section elucidates on some of the ca-
pabilities and limitations of BABE-2 for singing voice restoration.
Finally, Sec. 6 concludes the paper.
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2. BACKGROUND

2.1. Diffusion Models

Diffusion models have emerged as a powerful class of genera-
tive models, demonstrating remarkable capabilities in various do-
mains, including image and audio processing [9, 10, 6]. These
models operate by gradually transforming data through a process
of adding and removing noise. In the context of audio, we define
time as the variable 7, with x, representing the state of the audio
data at time 7. At 7 = T, xr is distributed as Gaussian noise,
while xo represents the clean audio signal. Following the formu-
lation by Karras et al. [10], the underlying Ordinary Differential
Equation governing this transformation is written as

(€]

The score function V. log p,(x-)d7, which guides the model
to reverse the noise addition process, is approximated using a de-
noiser Dy(x,,T), a deep neural network with parameters 6:

dx,; = —7Vx, logp-(x.)dr.

Vx, logpr(x+) = (Do(x-,7) — XT)/O'(T)2, ?)

where o (7)? is the noise variance at timestep 7'. For training these
models, Denoising Score Matching is often employed, which aims
to minimize the difference between the denoised and the original
clean audio. This objective is encapsulated as follows:

3

where \(7) is a weighting parameter defined according to [11]. In
the subsequent sections, the term X denotes the denoised estimate
obtained through the application of neural network Dy.

Exompina e~ (0.1) [A(T) || Do (x0 + 7€, 7) — x0l[3] ,

2.2. Diffusion Posterior Sampling

Many restoration tasks can be understood as inverse problems,
where an observed measurement signal is obtained by applying a
certain degradation operator H (-) to an unknown signal xo, yield-
ing the observation y = H(x¢). Diffusion models are highly
effective as data-driven priors for solving inverse problems, where
the goal is to estimate the original signal x( from the degraded ob-
servations y [12]. When the degradation operator H (-) is known,
these models can be used to approximate the posterior distribution
p(x0]y). Ideally, to solve an inverse problem using diffusion mod-
els, one can modify the ODE in Eq. (1), replacing the score with
Vx, log pr(x-|y), also known as the posterior score.

We adopt the “Diffusion Posterior Sampling” method intro-
duced by Chung et al. [13], which utilizes a Bayesian framework,
decomposing the posterior score into two parts:

Vx, logp-(x-|y) = Vx, logp-(x-) + Vx, logp- (y[x-). (4)

The first term, the prior score, is derived from Eq. (2), while the
second, the likelihood score, is estimated through the gradients of
an application-specific cost function:

Vi, logpr (y|x:) = —€(7) Vi, Caudio(y, H(X0)),  (5)

where £(7) serves as a gradient normalization factor [12], and
Chudio(+, -) denotes an appropriately chosen cost function.

Within this framework, X9 = Dy (%, 7) represents the Min-
imum Mean Squared Error (MMSE) estimate of the clean audio
Xo given the noisy or transformed state x,. It is important to note

IFollowing Karras et al. [10], we employ o(7) = 7.
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that implementing this method necessitates differentiating through
the denoiser, a deep neural network. The differentiation step adds
a layer of computational complexity to the process. This approach
has been successfully used for solving audio restoration tasks, such
as bandwidth extension, inpainting, and declipping [12, 14].

2.3. Application to Blind Inverse Problems

In scenarios where the degradation operator H is unknown, the
challenges in solving the inverse problem increase significantly.
These are referred to as blind inverse problems. Some recent works
offer solutions for solving blind inverse problems with diffusion
models by jointly optimizing the degradation operator alongside
the data during the sampling process [15]. The methodology re-
lies on alternating between updates from diffusion sampling and
optimization steps for finding the unknown operator.

Our recent work BABE [7], focusing on the blind bandwidth
extension of music signals without knowledge of the lowpass fil-
ter characteristics, fits in this framework. In this approach, the
degradation operator Hy is modeled as a zero-phase filter in the
frequency domain, with a piecewise linear magnitude response de-
fined by a set of parameters ¢. The parameters are iteratively op-
timized through stochastic gradient descent while sampling from
the diffusion model in a coarse-to-fine manner.

In BABE, the filter parameters are constrained to ensure they
describe a strictly decaying function [7]. The reason for doing that
was to limit the filter design to a lowpass characteristic, aiming
to stabilize the optimization convergence. Such a parameteriza-
tion, however, does not accommodate spectral coloration or res-
onances, which are common in historical recordings and can sig-
nificantly impact the audio quality. We hypothesize that the con-
strained modeling capability degrades the performance of poste-
rior sampling in real historical recordings due to unaddressed spec-
tral properties, pushing the samples towards out-of-distribution re-
gions compared to the training data and thus reducing the reliabil-
ity of diffusion model predictions.

3. BABE-2: UNIQUE CONTRIBUTIONS
3.1. Filter Parameterization

In addressing blind inverse problems within a posterior sampling
framework, it is essential to specify a set of pertinent degrada-
tion operators. Following our earlier approach [7], the focus is on
zero-phase frequency-domain forward filters denoted as Hy. The
relationship between the observations y and the reconstructed es-
timate X¢ through these filters is given by:

y~F (Hy © F(%0), ©)
where F(-) and F~!(-) represent the Fourier transform and its
inverse, respectively. We use the FFT length of 4096 samples.
For simplicity, we use the notation H(Xo) interchangeably to de-
scribe this operation throughout the paper.

The lowpass filter operator, initially applied in the BABE frame-
work [7], is extended to a parametric frequency-response equal-
izer. The equalizer configuration, depicted in Fig. 1, incorporates
an adjustable anchor cutoff frequency (fo) with a fixed magnitude
at 0 dB to ensure stability in the filter’s gain across its operational
bandwidth. The design includes a set of adjustable breakpoints
and slopes (f; and A;) localized above and below the anchor fre-
quency, similarly to those employed in BABE but with the flexibil-
ity of non-strictly decaying slopes. The first and last breakpoints
in in Fig. 1 delineate the effective spectral range, assuming there
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Figure 1: Proposed frequency-response equalizer model consists
of breakpoints creating a piecewise linear magnitude response.

is no significant spectral energy beyond these limits. The slopes
before and after the limiting breakpoints are not optimizable and
are fixed to Ajim- = 80dB and Ajime = —80dB, respectively. We
refer to Appendix A.4 2 for further details on the filter paramater-
ization. The filter is piecewise differentiable with respect to the
cutoff frequencies and slope parameters.

Choosing the right number of filter stages is crucial, especially
under the assumption that the magnitude response should exhibit
smoothness. Employing a filter with more stages provides greater
flexibility during optimization but risks overfitting to minor spec-
tral details. With this in mind, a smaller number of stages is fa-
vored to maintain smoothness, and we have chosen a configuration
with 5 breakpoints, as depicted in Fig 1.

To mitigate potential training instabilities, we impose restric-
tions on the slopes, ensuring that they do not exceed predefined
minimum and maximum values of -40 dB and 40 dB, respectively.
Additionally, the cutoff frequencies are confined within the range
(fmin, fmax), Which is determined by the FFT size employed in the
filter parameterization. In our experiments, we set fmin = 10 Hz
and fmax = % fs to the Nyquist limit, depending on the sampling
rate. Furthermore, we enforce that a sequential ordering of the
cutoff frequencies, requiring each frequency to be less than the
subsequent one. These constraints are implemented through the
application of projections within the specified ranges during the
optimization process. Ideally, the constraint on the ordering of cut-
off frequencies would be unnecessary, as the regularization scheme
introduced in the next subsection aims to prevent parameter con-
figurations that could lead to such scenarios.

3.2. Breakpoint-Collapse Regularization
We identify a previously unrecognized problem in the BABE algo-
rithm [7], which we term breakpoint collapse. The problem occurs
when, during inference, two or more cutoff frequency breakpoints
converge to very close values, receiving nearly identical gradients.
Consequently, the breakpoints cannot separate from each other for
the rest of the process, reducing the flexibility of the degradation
model by losing these breakpoint and slope parameters.
Interestingly, this problem was not prevalent in simulated low-
pass filtered recordings as tested in BABE. However, it became
significantly more frequent and problematic when the model was
applied to real historical recordings, particularly those that differed
much from the training data distribution. To address this problem,
we introduce a novel regularization term, the Breakpoint-Collapse
Regularization (BCR). The BCR term is expressed as

S—1
CBCR((ZS):G*B(fmm*f.s/)_,'_Zefﬂ(fi*f(wrl))_’_e*ﬂ(fs‘*fmax)_

i=-S'
7

2 Appendix available in the pre-print: arxiv.org/abs/2403.18636
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This function imposes a minimal cost when breakpoints are ade-
quately spaced but enforces an exponentially increasing cost, when
they approach each other. The parameter 3, set to 0.1 in our im-
plementation, modulates this behavior.

To integrate this into our framework, the total cost function is
modified to include the BCR term, weighted appropriately. The
revised total cost equation is

Cootat = Ciitter (¥, Hp(%X0)) + v8crCaer (¢0), (8)

where ~ygcr, the BCR term weight, is set to 10 in our experiments.

3.3. Noise Regularization

Our parametric model, designed to fit linear magnitude responses,
faces challenges in addressing nonlinear artifacts within historical
audio recordings. These artifacts, often made worse by preprocess-
ing steps like denoising, can bias the optimization of magnitude
response parameters, leading to convergence at local minima and
suboptimal restoration outcomes. This problem was overlooked in
the previous iteration of the method [7]. As we show in Sec. 4.1,
the performance of BABE on historical recordings is suboptimal.
To solve these problems, we suggest adding a certain amount
of stochasticity, or “noise,” into the optimization objective. We
do this by adding random noise to our observations, which we de-
scribe as § = y + ~ye, where + is the noise scale and € ~ A (0, I)
is a vector of Gaussian noise. Technically, this approach smooths
the likelihood distribution by convolving it with a Gaussian ker-
nel. This trick enables the optimization process to navigate the
cost function landscape more effectively than without it. Each it-
eration’s unique noise ensures the optimizer does not prematurely
converge to local minima, thereby encouraging a thorough search
for optimal solutions. Furthermore, the additive noise potentially
masks some of the artifacts that may be present in the observed
data, preventing these artifacts from negatively affecting the opti-
mization. This approach aligns with techniques used by Sadat et
al. [16], which aimed to enhance diversity in image generation. In
Sec. 4.1, we conduct an ablation study where this technique is not
applied, which is there denoted as “BABE-2 w/o noise reg.”

3.4. Long-term Average Spectrum-based Initialization

A known blind equalization technique designs a filter to align the
input LTAS with that of a reference set [4]. To achieve this, we
calculate the reference LTAS, denoted as Rytas, by applying the
Short-Time Fourier Transform (STFT) to the reference set and av-
erage the power spectra across frames. In the STFT, we use 4096-
sample windows at the sampling rate of f; = 44.1kHz, or 2048-
sample windows at f; = 22.05kHz. We employ a hop size of
1/4 in both cases. One-third-octave band Gaussian smoothing is
applied to the averaged spectra. The LTAS of the input Yiras is
determined in the same way, based on the original recording.

By computing the ratio between the LTAS spectra, the equal-
ization filter is obtained as

|Hizas| = | Y gl /| Razas), )

where Hitas is an estimate of the forward degradation. The inverse
filter H[7xq can be used as a frequency-domain equalizer:

¥ =F '(His © F(y)), (10)

where © is the Hadamard product.
From now on, this equalization method is referred to as “LTAS-
EQ.” While this approach proved useful for correcting significant
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colorations [4], it has strong limitations. Firstly, if the observa-
tions are bandlimited, the ratio in Eq. (9) is ill-conditioned, as it
approaches zero for some frequency bands, causing the inverse fil-
ter to amplify to extremely high values. To mitigate this, we limit
Hitas at —20dB. Secondly, an estimate involving time averages
assumes the measured signal is ergodic, which may often not be
true. The LTAS method overlooks the dynamics of the audio, such
as the unique sound of a piano when played at different intensities.
Consequently, during LTAS computation, louder sections may dis-
proportionately influence the average spectrum, leading to an im-
balance. Due to these limitations, relying solely on this approach
for audio restoration is not recommended.

Considering these limitations, we adopt this method as a pre-
liminary step that BABE-2 will refine. Our goal is to facilitate the
equalization process, aiming for a more stable optimization of the
filter at the initial stages and achieving convergence with fewer it-
erations. We explore two approaches to accomplish this. Firstly,
we utilize Hyras for an improved initial setup of the audio signal
at starting time 7', xr. Unlike in BABE [7], where x7 began as
a noisy version of the observations xr ~ N (y, O’?mrtl), we now
introduce a modified approach. We suggest beginning with a noisy
version of the equalized observations x7 ~ N (y, afml), where
y is derived using Eq. (10). This version of our method is hereon
referred to as “BABE-2 w/ LTAS-EQ init.”

The second strategy extends the use of LTAS-EQ beyond ini-
tial setup by incorporating it into the optimization objective. This
involves replacing the original recording y with y in the recon-
struction cost functions from Eqs. (12) and (13). It is crucial to
recognize that in this context, the estimated frequency response
Hy no longer corresponds directly to the original recording re-
sponse y. Instead, the connection between the original recording
and the estimated restored version Xo becomes a composite of H ¢
and Hiras as formalized below:

y~F ! ((Hy ® Hrras) © F(X0)) - (11)

We denote this variant as “BABE-2 w/ LTAS-EQ ob;j.”

3.5. Improved Inference Algorithm

The inference algorithm of BABE-2 shares strong similarities with
the one employed in BABE [7]. The pseudocode in Algorithm 1
summarizes the inference process, highlighting the new contribu-
tions in blue. Despite, for brevity reasons, Algorithm 1 shows
an adaptation of a 1% order Euler sampler, we use the 2™ order
stochastic sampler introduced in [10]. One relevant addition is
the use of the Adam optimizer [17] to optimize the filter parame-
ters, instead of a simpler stochastic gradient descent as used in [7].
Adam applies adaptive per-parameter learning rates and second-
order moments of the gradients, which stabilizes the performance
for non-convex optimization problems with sparse gradients.
As the reconstruction cost function for the audio signal, we
employ the same standard L2 norm as used in BABE:
Caudio(y, Hp(%0)) = ly = Hy(%0)|3- (12)
In contrast, we now employ a slightly different reconstruction cost
function for optimizing the filter parameters. BABE-2 uses a high-
frequency emphasized L2 norm, denoted as

Chiner (¥, Hp(%0)) = || Hempn. (y — Ho(%0))|I5,  (13)
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Algorithm 1 Inference phase of the BABE-2 method

Require: observations y
Y =F (Higas © F(y))
Sample x7 ~ N (¥, 02,,I)
if use LTAS-EQ in objective then
y <y
end if
Initialize ¢
fori < T,...,1do
)A(() < Dg(xi, O'i)
Y ¢it1
for j < 0,..., Mpaxits. do
S’d)g — ]_-71(H¢{ © F(%0))

Cﬁller(d)Z) — Crec(Hq;Jf (%0),¥)+7BcRCher (¢])
oIt ¢ — AdamGrad(Chiyer(¢7)))

W oct( it
@17 < project(¢] )

> LTAS-based init. (Sec. 3.4)

> initialize the filter parameters
> discrete step backwards

> evaluate denoiser

> use the filter from last step

> filter optimization

> apply filter

> optim. step
> project the filter params.

end for
¢i oM
Vo, — F Y (Hyp, ® F(%0)) > apply filter
y=y+ne > noise regularization (Sec. 3.3)
gi < 75(‘71’) vxi Caudio (yv S’q&l) > rec. guidance
s+ X0 > prior score
Xi—1  x; —0i(0i—1 — 0i)(s; + &) > update step
end for
return xg > reconstructed audio signal

where Hempn, is a first-order high-pass pre-emphasis filter [18].
Further implementation details are omitted from the main paper,
but they are given in the Appendix A and in the source code °.

4. EXPERIMENTS AND EVALUATION

We experiment with the restoration of solo piano and singing record-
ing. The conducted objective evaluation compares the performance
of BABE-2 against comprehensive baselines for enhancing the qual-
ity of historical 78-RPM gramophone recordings.

4.1. Piano Recordings Evaluation

Here we assess the effectiveness of our proposed method for restor-
ing historical piano recordings. For ease of comparison, we used
the same diffusion model as the one used in BABE [7]. This model
is based on the CQT-Diff+ architecture [19], and was trained on the
MAESTRO dataset [20], resampled at 22 kHz.

The test set comprises 54 gramophone recordings of solo pi-
ano performances from 1910 to 1930, all of them collected from
“the Internet Archive™. Each recording was trimmed to a duration
of 1 min. These recordings were preprocessed using our denoiser
[5] to eliminate additive noise disturbances, such as clicks, hisses,
and pops. The processed evaluation set is made available as part
of the supplementary materials’.

The objective evaluation is based on the Fréchet Audio Dis-
tance (FAD), a reference-free metric comparing the statistics be-
tween two sets of embeddings, as detailed by Kilgour et al. [21].
The efficacy of FAD is influenced by the specific embeddings em-
ployed and the chosen reference set [22]. To provide a thorough
analysis, we computed FAD across various embeddings utilizing
the ‘fadtk‘ library [22]. We began with the VGGish classifier’ em-
beddings, widely used in this context [21], and additionally as-

3 github.com/eloimoliner/BABE2
“4archive.org/details/78rpm
Sresearch.spa.aalto.fi/publications/papers/dafx-babe2/
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Figure 2: Comparative LTAS analysis of original and restored piano recordings using different methods.

sessed the model using CLAP, a joint audio—text representation,
[23], and Encodec, designed for low-rate audio codecs [24]. As a
reference test set, we used the MAESTRO dataset test and valida-
tion splits from the year 2018.

Furthermore, we examined the distance between the LTAS of
the restored recordings and the LTAS of the reference test set. We
acknowledge that a distance based on LTAS is not a definitive met-
ric for the same reasons as outlined in Sec. 3.4. However, we in-
clude it here as it can shed light on significant differences in col-
oration with respect to the reference set. The LTAS distance is
measured as follows:

LTAS dist. = 10logy, %Z Rims =Rums| ) - 14
f

RLTA S

where K denotes the number of frequency bins, and Xiras and
Riras represent the LTAS of the restored recordings and the refer-
ence test set, respectively.

The results are presented at the top of Table 1. The compared
versions of BABE-2 consistently outperform the original record-
ings, the LTAS-EQ and BEHM-GAN baselines [25], and the pre-
decessor BABE [7]. An ablation study highlights the critical role
of noise regularization for better performance. Additionally, the
results show that employing LTAS-based initialization strategies
improves the FAD scores.

To delve deeper into the impact of the restoration methods on
different recordings, Fig. 2 illustrates the frequency-response es-
timates derived from LTAS analysis. This figure includes three
plots corresponding to distinct solo piano recordings, each labeled
with its respective year and identifier, depicting the magnitude
in dB across a logarithmically spaced frequency axis. The blue
lines represent the frequency-response estimates for the original
recordings, calculated based on the ratio between the LTAS of each
recording and that of the reference test set, following Eq. (9). The
remaining lines in each plot denote the LTAS ratio for each restora-
tion method, as detailed in the legend.

Ideally, in Fig. 2, an equalized recording should exhibit a rel-
atively flat frequency response, centered around O dB. It can be
observed that the original recordings’ responses possess an irreg-
ular shape, characterized by deficiencies in both high and low-
frequency energy and marked coloration, i.e. fluctuations, in the
mid-frequency range. The “LTAS-EQ” method manages to mit-
igate the coloration to some extent but, in doing so, it amplifies
background noise and distortion artifacts. This harms the FAD
scores, as evidenced in Table 1. The “BABE” method, indicated by
the cyan dashed line, increases the high-frequency energy, yet not
enough to align with the target equalization curve. In contrast, the
“BABE-2" method achieves a more balanced equalization, partic-
ularly effective when combined with the LTAS-EQ objective. This
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Table 1: Objective evaluation on historical recordings. The best
results of each column for each experiment are bolded.
FAD | LTAS

Experiment, method VGGish CLAP Encodec | dist. |
Piano: Original 2.37 0.33 8.11 -1.15dB
LTAS-EQ 3.33 0.19 8.12 -1.77 dB
BEHM-GAN 1.82 0.21 6.65 -1.37dB
BABE 1.50 0.15 7.72 -2.68 dB
BABE-2 1.45 0.12 4.65 -3.02dB
BABE-2 w/o noise reg. 1.46 0.15 7.25 -2.37dB
BABE-2 w/ LTAS-EQ init. | 1.50 0.12 4.56 -3.42 dB
BABE-2 w/ LTAS-EQ obj. | 1.20 0.12 5.21 -2.57 dB
Vocals (Caruso): Original 19.34 0.47 31.01 -0.29 dB
LTAS-EQ 19.59 0.52 23.41 -1.96 dB
BABE 14.48 0.31 26.10 -1.06 dB
BABE-2 11.36 0.28 21.08 -1.65 dB
BABE-2 w/ LTAS-EQ init. | 11.32 0.29 20.53 -1.84 dB
BABE-2 w/ LTAS-EQ obj. | 11.11 0.27 15.04 -1.95 dB
Vocals (Melba): Original 11.56 0.63 41.34 -0.94 dB
LTAS-EQ 11.99 0.66 37.04 -2.39 dB
BABE 5.33 0.36 32.68 -0.88 dB
BABE-2 3.71 0.31 27.78 -0.84 dB
BABE-2 w/ LTAS-EQ init. | 3.44 0.30 22.12 -1.56 dB
BABE-2 w/ LTAS-EQ obj. | 3.58 0.32 23.64 -2.23dB

analysis showcases the superiority of the BABE-2 method.

4.2. Evaluation of Singing Voice Recordings

We evaluate our restoration method to recordings from two iconic
singers: Enrico Caruso (tenor) and Nellie Melba (soprano). For
this purpose, we pretrained a diffusion model with a collection
of studio quality modern singing voice recordings from different
sources®, all of them sampled at 44.1 kHz. This model was later
fine-tuned for each target singer in particular, using smaller refer-
ence sets extracted from selected singers from Vocalset [27], as we
elaborate in Sec. 5. We opted for standard fine-tuning, resuming
the training from the pretrained weights.

The process for restoring singing voice recordings is shown
in Fig. 3. Similar to the approach detailed in Sec. 4.1, all record-
ings were trimmed to 1 min and denoised [5] as an initial step.
Our evaluation is exclusively aimed at enhancing vocal tracks, and
hence, the instrumental parts were separated using HT-Demucs
[26]. While this is effective, the source separation method is not
fully optimized for historical recordings and tends to introduce no-
ticeable artifacts. These artifacts, however, are outside the scope
of this study, as we are not focusing on source separation.

6See Appendix A for more information regarding the training data.
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Figure 3: Singing voice restoration pipeline.

We collected two evaluation sets consisting of 32 recordings
from Enrico Caruso and 25 from Nellie Melba. The objective
evaluation mirrors the one conducted for piano music, employing
the same metrics for assessment. The outcomes for both Caruso
and Melba are detailed in Table 1. For the Caruso recordings,
the BABE-2 version utilizing the LTAS-EQ objective achieved the
most favorable FAD scores. On the other hand, for Melba’s record-
ings, the BABE-2 version with LTAS-EQ initialization showed
slightly superior performance. It is noteworthy that, despite record-
ing significantly lower FAD scores, the LTAS-EQ baseline regis-
tered the smallest LTAS distance.

5. DISCUSSION: RESTORING HISTORICAL VOICES

One of the key contributions from our research lies in our efforts
to restore early-20th-century recordings of classical opera singers.
These recordings are often so much degraded that some of the
unique vocal characteristics of the singer are no longer preserved.
The role of BABE-2 is to reconstruct, or hallucinate, the missing
pieces, based on statistical patterns derived from the training data.
As a result, the final output can be considered a hybrid contain-
ing features from both the original recording and the training data.
This underscores the critical importance of selecting appropriate
training data, as it significantly impacts the accuracy and authen-
ticity of the audio restoration, ensuring the reconstructed voices
closely mirror the original timbres and nuances.

Our methodology involves the strategic fine-tuning of diffu-
sion models, which have been pre-trained on a broad spectrum
of singing voice recordings, with a more focused dataset of high-
quality recordings from a unique and carefully selected reference
singer. The reference singers are chosen for their vocal qualities,
which closely resemble those of the historical figures we seek to
restore. For this purpose, we employ VocalSet [27], a dataset com-
prising studio-quality a cappella recordings from 20 professional
singers. Each singer contributed with approximately 30 min of
data, encompassing a diverse array of vocal techniques.

5.1. Searching for Reference Voices
The task of identifying voices that resemble a particular opera
singer is not trivial. Opera singers can be divided into different

Separated Vocals
using [26]

30

Fine-tuning

Restored vocals

Zero-Shot Inference

Time [s]

voice categories, “fach”, based on, for example, vocal range and
timbre, permeability, or flexibility of their voices [28]. To get the
full impression of the singer’s voice characteristics on a historical
recording, it is necessary not only to listen but also to consult the
writings of contemporaries and to study the singer’s repertoire. En-
rico Caruso (1871-1921) was known for his distinctive voice and
his interpretations of tenor roles in the Italian opera repertoire for
example Cavaradossi from Puccini’s Tosca or Canio from Pagli-
acci by Leoncavallo [29]. Both roles require stamina and per-
meability in low and high register, and Caruso’s voice has been
described as having a baritonal quality in the low and brilliance
of the tenor voice in the higher register. Caruso’s recording career
spanned 20 years and during that time his technique stabilized, and
his voice matured and gained depth [30, 31]. Therefore, we only
seek an average estimate of his voice.

We found that the voice from VocalSet’s Male-2 possesses
a similar warmth and depth in the low and middle registers as
Caruso, together with the power and clarity in the higher regis-
ter, hence we used it for fine-tuning Caruso’s recordings. The fa-
mous aria “Vesti la giubba” from Pagliacci, included among the
audio examples on our webpage, is a perfect example of Caruso’s
voice but also of his dramatic abilities. On the webpage, you also
find a version of the same aria sung by Beniamino Gigli (1890-
1957), who was considered a legitimate heir of Caruso and their
voices have similarities, but Gigli’s voice sounds more metallic
[32]. Gigli’s restored example was produced using the dramatic
voice from VocalSets’s Male-11.

Nellie Melba (1861-1931) was complimented on the beauty of
her voice and her flawless technique with equalized scale from top
to bottom. Her colleague John McCormack described her voice as
a lyric soprano with a beautiful tone and her technique as perfec-
tion. She had the ability to sing coloraturas with bird-like quality,
and her voice was light and agile [33]. The beauty of voice is a
subjective matter, but we found a similar light lyric quality in the
voice from VocalSet’s Female-1, which we used for fine-tuning.
Like Caruso, Melba had a long recording career, and she made a
total of 150 recordings between 1904 and 1926, including a var-
ied repertoire, but focusing mainly on opera [34]. One of Melba’s
most celebrated roles was Marguerite from Gounod’s Faust. As a
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Figure 4: Spectrogram representations of two vocal restoration examples. The colored boxes highlight key points discussed in Sec. 5.2.
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representative example, we selected Marguerite’s aria “Ah! Je ris
je me voir si belle”, a.k.a. “Jewel aria”, from Faust.

We additionally restored a version of the same aria from the
soprano Adelina Patti (1843-1919), who sang the same repertoire
as Melba, and their voices had similarities [35]. Still, we used a
different voice, Female-5, for fine-tuning because, in this record-
ing, the impression of her voice is darker and lower compared to
Melba’s. The main reason for this difference might be that, at the
time of the recording, Patti was already over 60 years old [35].

Despite our reliance on the written literature, the main strat-
egy for finding pairs between reference and original singers was
analytic listening. With the limited bandwidth and the disturbing
coloration of the original medium, some imagination was required
when figuring out the original color of the voice. Consequently,
evaluating the fidelity of our results posed challenges, leading us
to focus on a qualitative analysis.

5.2. Qualitative Analysis

Figure 4 shows spectrograms of two restoration examples: a 1.5-
second excerpt from Enrico Caruso’s “Vesti la Giubba” (Victor
6001-A, 1910) in (a) and (b), and a same-length excerpt from Nel-
lie Melba’s “Jewel aria” (Victor 88066, 1910) in (c¢) and (d). Both
recordings show a bandwidth limit of approximately 4kHz. In
both cases, the original recording effective bandwidth barely ex-
ceeds 4 kHz. It can be observed that the limited bandwidth affects
more critically the soprano voice than the tenor, as the former is at
least an octave higher. Therefore, the restored voice of Caruso is
recognisable and the hallucinated overtones create a warmer and
fuller sound. In Melba’s case, the result is more controversial.
Even if the overtones are clearly audible, the voice sounds slightly
breathy and lacks its ringing. The more overtones are generated,
the more of the singer’s personal color can be heard from the exam-
ples yielding a more natural-sounding result, although, in this case,
part of the color has been hallucinated by the generative model. In
Melba’s case, the generated timbre is slightly different from what
we can hear on the recordings.

Thanks to the extensive range of vocal techniques included by
VocalSet, BABE-2 demonstrates a notable capacity for adapting to
the distinct formant characteristics of various vowels, as illustrated
in the green-colored box in Figs. 4(c, d). However, it is observed
that subtle portamentos and singer legato lines are sometimes trun-
cated, as shown in the cyan-colored box in Fig. 4(a, b). This be-
havior is expected as soft (low-energy) singing has a much lower
weight than louder passages in the reconstruction cost. Also, fur-
ther research is needed on how to better identify the vowel mod-
ification of the soprano voice in particular, i.e., the rounding of
vowels at high pitches.

One limitation of the proposed method is that it is not de-
signed to tackle nonlinear degradations, such as harmonic distor-
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tion. Thus, one would expect that the model would fail when it
encounters distortion artifacts. However, this does not seem to
always be the case. The red box in Fig. 4(a, b) highlights an ex-
ample where Caruso’s loud singing provoked a significant amount
of harmonic distortion in the recording. In this example, BABE-2
suppresses the distortion and regenerates a clean high-frequency
spectrum. We attribute this behavior to the effect of the noise reg-
ularization implemented in our method and introduced in Sec. 3.3.

Due to scale limitations, BABE-2 does not have language-
level control of the singing voice distribution. Since the frequency
range of certain consonants, such as fricatives, is outside the range
captured in the original recording, BABE-2 hallucinates conso-
nants at statistically plausible locations, but these may not cor-
respond to the lyrics. This is the case of the incorrectly placed
fricative in the yellow box in Fig. 4(a, b).

The white boxes in Fig. 4(c, d) show some of the consequences
of the source separation preprocessing. The bleeding from the in-
strumental track is present in the restored recording, especially in
the low-frequency region. The lack of robustness in the source
separation model represents a limitation to study in future work.
Nevertheless, we also notice that a side-effect of BABE-2 is that it
additionally suppresses some of the bleeding between the harmon-
ics, producing an even cleaner vocal separation. This behavior is
expected, as these artifacts are not included in the training data.

6. CONCLUSIONS

This study introduces BABE-2, enhancing the restoration of histor-
ical music recordings through a generative equalization strategy.
Objective evaluations demonstrate its superiority over the prior
version, particularly in enhancing recordings of iconic vocalists
Enrico Caruso and Nellie Melba. In addition to music enthusiasts,
BABE-2 allows researchers to get a more accurate auditory picture
of specific features of a recording or interpretation. Although cer-
tain limitations are identified, indicating areas for future research,
this work represents a notable advancement in the domain of his-
torical music restoration. BABE-2 demonstrates unprecedented
potential to revitalize aged audio recordings, achieving levels of
clarity and fidelity previously unattainable.
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