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Abstract. Objective metrics are important to determine
the effectiveness of automatic audio processing, such as in
denoising and music source separation. The Fréchet Au-
dio Distance (FAD) is an objective metric that can be used
to compare two sets of audios based on their statistical
properties. An advantage of FAD when compared to tradi-
tional metrics is that FAD does not depend on the existence
of the original clean version of processed or noisy audios
to be evaluated. However, the effectiveness of the use of
FAD has been divergent in the literature, requiring thus
further investigation. In this paper we study the impact on
FAD scores when different reference sets and models are
used, for the restricted case of bass sounds. We studied the
sensitivity of FAD to audio effects and noises and used it
to evaluate denoising processes. We compared the results
with a qualified subjective evaluation, carried out by peo-
ple with experience with professional recording. We show
that reference sets must be designed very specifically, as
apparently equivalent sets might provide different results.
We additionally highlight the usefulness of understanding
FAD scores relatively, instead of absolutely.

Keywords — Fréchet audio distance, automatic audio enhance-
ment, audio evaluation metrics

1. Introduction

The need for assessing the quality of audio appears in different
contexts, such as when isolating voices in automatic speech-to-
text tools, in Music Source Separation (MSS) and in automatic
audio quality improvement. MSS refers to tools and techniques
that extract the original constituent parts of a mixed song (stems)
and store them in separate audio files [[1}2[3,/4]. Automatic audio
quality improvement consists of tools that automatically generate
a better version of a noisy or inaccurate audio, such as an old
recording, a speech recorded with low quality equipments, or a
stem generated by MSS tools.

Evaluation of audio quality has been generally per-
formed in these contexts in two ways: (a) by human evaluation,
when people assess the audios according to their personal feel-
ings based on some audio reference; and (b) by automatic eval-
uation, using a set of automatically computable metrics. Human
evaluation, although subjective, is considered the ground truth
measurement in many contexts [3)], as humans are the ultimate
natural target of many audio applications. However, it is time
consuming and might be expensive. Objective metrics can be
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faster, less costly and are fundamental to the design of automatic
audio processing tools.

Many objective metrics have been developed so far.
L1, L2 [3], PESQ [6], POLQA [7] and ViSQOL [5] are ex-
amples of standard metrics in the context of speech quality.
Commonly used metrics in MSS are Source-to-Distortion Ra-
tio (SDR), Source-to-Interference Ratio (SIR), Signal-to-Noise
Ratio (SNR), Source-to-Artifact Ratio (SAR) [8] and Scale-
Invariant Source-to-Distortion Ratio (SI-SDR) [9]. These met-
rics, however, have two drawbacks: (a) they depend on the exis-
tence of the original source audio to be used as reference; and (b)
it is known that they do not correlate well with human perception
and sometimes can be quite divergent [[10, [L1].

The Fréchet Audio Distance (FAD) metric was recently
introduced [[12], based on a different approach. FAD is a distance
measured between statistical distributions obtained from a set of
audios to be evaluated and a reference set. Using FAD has one
main potential advantage: it can be computed without having the
original version of the particular audios to be evaluated. Instead,
the reference becomes a set of audios that collectively exhibit the
parameters that the audios to be evaluated should have. FAD thus
appears as a natural choice of metric to automatic audio quality
assessment in many contexts.

FAD has been used in audio evaluation in various con-
texts with different outcomes. In particular, FAD has been used:
to compare processed audios with their original versions (e.g.,
(130 {10, 14} [11]]) or with different audio sets (e.g., [13} [16]);
together with a human listening test (e.g., [15} [16l [10} [11]) or
without subjective evaluation (e.g., [13]]); as a sole metric to
evaluate audio quality or associated with other metrics (e.g.,
[15 116, |10, [14]); among others. However, the effectiveness of
FAD and especially its correlation to human perception has varied
substantially, ranging from very weak to strong. Further investi-
gation is thus needed to examine to which extent and how FAD
can be used as a metric to automatic audio quality assessment.

FAD is dependent on the reference set used and the
model from which embeddings are extracted. In this paper, we
investigate how the choice of these sets and models might affect
the results achieved with FAD. This issue is little discussed in the
literature (to our knowledge, only in [17]). We first describe an
overview of the usefulness of FAD as an objective metric, as re-
ported in the literature. We then describe results of experiments
to study FAD in the specific case of bass audios. Most of the
results in previous work are based on datasets composed of dif-
ferent types of instruments, music styles and audio quality. Al-
though this wide range of audio types aim at generalising the re-
sults, the great variability of parameters makes the analysis more
difficult. Studying FAD with a restricted case allows us to com-
pare the suitability of apparently similar types of datasets, but
which yield different FAD scores. We evaluate FAD sensitivity
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Figure 1: FAD

to effects and noises and as a metric to assess the quality of au-
dio generated from examples of denoising processes. Finally, we
compare the obtained FAD scores with the results of a subjective
evaluation. Differently from existing work, this subjective evalu-
ation was performed by professional or semi-professional musi-
cians, all of them with experience in professional recordings.

This paper is structured as follows. In Sect. 2] we de-
scribe FAD. In Sect. [3| we discuss related work and present an
assessment on the usefulness of FAD. In Sect. ] we list the tools
we have used to build our experiments. In Sect. [f|we describe the
datasets we used and the developed denoising models. In Sect. [f]
we present how FAD correlates to increasing levels of effects and
noises. In Sect. [/| we evaluate FAD using denoising processes
as examples and correlate the results with human evaluation. In
Sect. [8] we further discuss some specific aspects of the experi-
ments. Finally, Sect. [§]concludes the paper.

2. Fréchet Audio Distance (FAD)

FAD is based on the Fréchet Inception Distance (FID), introduced
to evaluate generative models for images [[18]]. Fig. [I]illustrates
how FAD is computed. Statistics are extracted from a reference
set of audios with a certain property (reference dataset) and from
a given set of audios to be evaluated (evaluation set). These au-
dios can be, for example, the result of some denoising process
applied to a set of original noisy audios (gray area in Fig. [I).

The statistics (mean and covariance) are computed
from embeddings of datasets extracted from a model. In [12],
embeddings were extracted from the last layer of the VGGish net-
work [19], used to classify video soundtracks. Other embeddings
might be used, as in [17]] and in this work.

FAD is basically the Fréchet distance [20] computed
over the statistics obtained from the evaluation and reference em-
beddings. These statistics are expected to reflect suitable prop-
erties of the datasets. A proper notion of distance between them
should reflect how much of the properties existing in the refer-
ence set can be perceived in the set of audios to be evaluated.

Specifically, multivariate Gaussians are computed from
the evaluation set embeddings NV, (pre, Xe) and the reference em-
beddings N (16, Xp). From [20], it is known that the Fréchet
distance between two Gaussians F(N;, N.) can be computed as:

F(No, Ne) = [|is — pre||* + tr (Sp + Se — 2vE5e) (D)

where ¢r is the trace of a matrix. As a distance notion,
the lower the FAD value, the closer the evaluated and reference
datasets are. FAD values are usually referred to as FAD scores.

3. Related Work

Since its introduction, FAD has gained considerable momentum.
In this section we discuss representative works where FAD was
used in the contexts of audio synthesis [[13}[15[[16} 121} 22} 23] 24,

251126]] and audio enhancement [[14}|10,127]], two of the main areas
of digital audio processing, as well as those works whose goal
was to specifically evaluate objective metrics [[12} [11}[17]. Our
main focus is on discussing in which ways and how effectively
FAD has been used as an objective metric to audio evaluation.

Audio synthesis. In [24! [13], the authors used FAD as a met-
ric to evaluate resynthesis of sounds of trumpet, violin and flute.
They relied solely on FAD to evaluate their results, i.e. which
instrument sound could be best resynthesized and with which pa-
rameter values. No correlation to human perception was done.

In [15] the authors used FAD as well as other objec-
tive and subjective metrics to evaluate the performance of three
generative adversarial network (GAN) models to generate loops.
The evaluation based on FAD varied depending on the reference
set used and yielded a negative correlation to human perception.
Other metrics were used (Inception Score and Diversity Mea-
surement) to reflect different aspects of the datasets other than
the statistics used in FAD. FAD was also used to evaluate the
similarity between generated audios and the original ones in [25]]
(various instruments) and [26] (drum sounds).

In [21] the authors evaluated audio generated by four
networks: DiffWave [28], DDSP [29]] and NSynth [30]], using ob-
jective and subjective metrics. The authors concluded that sub-
jective listening evaluation in not well reflected in the objective
metrics and new metrics of audio quality for automatically gen-
erated audios have to be further developed.

In [[16] the authors used FAD to evaluate the quality of a
textually guided audio generation tool. They considered that FAD
correlates well with human perception in terms of audio quality,
but they used another metric (KL-Divergence) to evaluate the re-
lationship between the audios and the texts. FAD is also used,
together with other metrics, to evaluate audios generated from
text descriptions in [22]] and [23]]. In [23] FAD is considered to
correlate with human subjective evaluation in some cases (worst
cases) but not in others (best cases).

Audio enhancement. Audio quality enhancement in general is
less addressed in the literature, where the main focus has been on
the specific case of speech enhancement.

In [14], distortion was added to guitar recordings and
a denoising process evaluated using FAD. The denoising process
was evaluated with different MSS tools. FAD was computed us-
ing the original clean sounds as the reference set and VGGish
embeddings. The FAD values varied, showing the best results for
different tools depending on the type of effect (overdrive and clip-
ping). The authors conclude that different metrics reflect specific
aspects of audio improvement and should be further investigated.

In [10] the authors described an approach to enhance
amateur quality recordings. The approach was based on pro-
cessing mel-spectrograms as pictures. The results were evaluated
with a human listening test as well as by objective metrics, includ-
ing FAD. None of the used objective metrics correlated strongly
with human evaluation. The metrics were not sensible to artifacts
introduced during the process of converting from spectrograms to
waveforms. FAD, however, was sensitive to additive noise.

In [27], the CQT-Diff audio enhancement framework
was presented, that improves audios without knowledge of the
types of degradation to which the original audios were subjected.
The types of degradation evaluated were: bandwidth extension,
audio inpainting and declipping. FAD and other objective metrics
were used to compare the results with other related tools.



Analysis of FAD. In [12] the authors introduced FAD and evalu-
ate its correlation with a set of audio distortions, including Gaus-
sian noise, frequency filters, quantization, Griffin-Lim distortions
and variations in speed. They computed FAD using part of the au-
dios from MagnaTagATune [31] as the reference set and VGGish
as the model. The paper reported a correlation between FAD and
all the types of distortion. FAD correlated better than SDR with
human evaluation, although with outliers for some of the distor-
tions. Neither FAD nor SDR, however, yielded a strong correla-
tion to human evaluation.

In [11], the correlation between human evaluation and
the objective metrics FAD, L1, L2, SDR and SI-SDR was in-
vestigated, based on the perception of how good MSS tools can
generate stems. According to the study, it is not possible to define
such a correlation. Different conclusions can be drawn about how
effective the tools are depending on which metric is chosen.

To the best of our knowledge, [[17] is the only previous
work that has a similar goal as ours, i.e. to study the effects on
FAD of different reference sets and models. In [17], however,
the impact of choosing different sample sizes and the relevance
of evaluating FAD scores of individual audios were also inves-
tigated. The authors introduced two new reference sets, FMA-
Pop and MusCC, as commonly used sets in the literature, such
as MusicCaps, contain audios that are of low-quality and that are
not music. FMA-Pop contains audios of a large genre diversity.
MusCC contains studio-quality professionally mixed music. Em-
beddings from the following models were studied in the paper:
VGGish (audio classifier), CLAP [32] and LAION CLAP [33]]
(joint audio-text embeddings), MERT [34] (self-supervised au-
dio embedding), CDPAM [35] (audio similarity), EnCodec [36]
and DAC [37] (low-rate audio codecs). The paper shows that
different models yielded reasonably different results in terms of
sensitivity to effects (distortion, filters, reverb, among others) and
assessment of audio and music quality. Additionally, correlation
between FAD scores and subjective evaluation occurred depend-
ing on the specific choice of reference set and model.

In summary, FAD has been so far used in very different
scenarios. Correlation to human evaluation has been divergent,
ranging from very weak to strong, and is dependent on specific
choices of reference set and model. FAD has been considered to
be sensitive to some types of noises but not to artifacts generated
during audio processing.

We analyse FAD for a specific case (bass stems) and
with more homogeneous reference sets. This provides a closer
analysis of FAD than those in previous works. We additionally
highlight the importance of considering relative instead of abso-
lute FAD scores.

4. Used Tools

We used Open-Unmix to create denoising models. Open-Unmix
[4]] is an open-source MSS tool, developed by Inria Montpellier
and Sony Corporation. It is based on PyTorch and the recurrent
bidirectional Long-Short Term Memory (BLSTM) network ar-
chitecture described in [38]. We used the default configuration,
with three BLSTM layers.

We used Sound eXchange (SoX) v14.4.2 [39] to add ef-
fects and noise to the audio files and to normalize them. SoX is a
cross-platform command line utility for audio processing. We ad-
ditionally used Librosa v0.10.2.post1 [40] to resample and anal-
yse spectrograms of audios.

We used the Google FAD implementatio to compute
FAD scores with VGGish and Microsoft fadtk [17E]for other em-
beddings (specifically, CLAP-2023 [32], CLAP-laion-audio [33]
and CDPAM-acoustic) [35].

5. Reference Sets and Denoising Models

5.1. Reference Sets

Our experiments used four reference sets: one containing pure
senoids (RS-senoids); one containing mixed songs with more
than one instrument (RS-songs); and two containing only bass
audios (RS-bass-notes and RS-bass-lines). We used an additional
set of clean bass tracks to which effects and noises were applied
(RS-clean-audios). These sets are as follows:

1. RS-senoids: it consists of 108 audio files, each contain-
ing six seconds of a pure senoid corresponding to the
fundamental frequency of a musical note, ranging from
the CO (C note in the Oth octave) to B9 (B note in the
9th octave).

2. RS-songs: it consists of 9403 audios from the Mag-
naTagATune dataset [31]. MagnaTagATune contains
29-second excerpts of songs from a broad range of gen-
res (Classical, Pop, Rock, among others).

3. RS-bass-notes: this is part of the IDMT-SMT-Bass
dataseﬂ [41], created at the Fraunhofer Institute for
Digital Media Technology (IDMT). It consists of 2964
audio files containing each two seconds of a single
note, played on three different 4-string basses. The
dataset contains notes corresponding to the first up to
the 13th fret on all strings, with different expression
and plucking styles. We used only the audios corre-
sponding to different expression styles.

4. RS-bass-lines: this dataset consists of the bass tracks of
the 94 songs of the train set of MUSDB [42]. MUSDB
is the standard dataset used to evaluate MSS tools and
techniques, used in evaluation campaigns, such as the
Signal Separation Evaluation Campaign (SiSEC) [1].
Each audio file contains seven seconds of the bass parts
of songs from different styles.

5. RS-clean-audios: it consists of the bass tracks of 25
songs of the test set of MUSDB. The whole test set
contains 50 songs.

All files contain studio quality audios at 16k sampling
rate.

5.2. Denoising Models

Following the approach presented in [[12], we used Open-Unmix
to create two models to denoise audios: DIST-MODEL, which
denoises audios with different levels of distortion; and WNOISE-
MODEL, which denoises audios containing white noise. These
models were only developed to serve as examples of denoising
processes to be evaluated using FAD (and, thus, are not meant to
be the most effective ones). In particular, we use them to investi-
gate correlation between FAD scores and human evaluation. The
models were created as follows:

I Available at: |https://github.com/google-research/
google—-research/tree/master/frechet_audio_
distance

Available at: https://github.com/microsoft/fadtk

3Available at: https://www.idmt.fraunhofer.de/en/
publications/datasets/bass.html
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Figure 2: FAD sensitivity to different types of effects and noise. FAD scores computed using VGGish. See Tableﬁ]for

a description of the effect levels

1. DIST-MODEL.: each of the bass tracks of the original
94 train songs of MUSDB was used to generate five
new audios, with the following distortion levels: 10 dB,
20 dB, 30 dB, 40 dB and 50 dB. These audios were
used as the train set (470 audios). The same distortion
levels were applied to 25 of the original MUSDB test
audios, to be used as the test set (125 audios). These
audios are the ones that are not in RS-clean-audios.

2. WNOISE-MODEL: a similar procedure as for the
DIST-MODEL was used, but now, instead of distor-
tion, we added five leves of white noise: -15 dB, -20
dB, -25 dB, -30 dB and -35 dB. As for DIST-MODEL,
we generated sets with respectively 470 and 125 audios
with white noise to be used as the train and test sets.

We trained the models using a GeForce RTX3080
Galax GPU with the aligned training option of Open-Unmix,
which allows us to define an input and the corresponding output
file. The input file was the audio with either distortion or white
noise. The output file in each case was the corresponding original
bass track. The training was configured to execute 1000 epochs
with early stop. We experimented with a batch size of 4 and 16.
As the FAD scores were close in most cases for both batch sizes,
we present in the following the results for the models generated
with batch size 4. The volume of all audios was normalized to
-0.1dB.

6. FAD Sensitivity to Effects and Noise

In our first experiment, we analysed the FAD sensitivity to the fol-
lowing effects and noises: distortion, flanger, reverb, white noise
and pink noise. The scores in this section were computed using
VGGish embeddings.

We generated five audio sets by applying five increas-
ing levels of effects/noises to the 25 audios of RS-clean-audios.
Thus, each audio set corresponding to a given effect/noise con-
tained 25 X 5 = 125 audios. The levels of effect/noise used in
the sets are shown in Table[T]

Sensitivity to these types of effects has been previously
evaluated [12} 17]. However, we address here the much more re-
stricted case of bass stems to evaluate FAD in scenarios with less
variability. This experiment also aimed at verifying whether any
of the chosen datasets approximates RS-clean-audios and, thus,
could be used as a reference for bass tracks when the original
versions of audios are not available.

Sensitivity to effects: Figs. 2, 2b and [2k show the FAD scores
for distortion, flanger and reverb, respectively. The scores in-

Effect Levels
Distortion (dB) 10, 20, 30, 40, 50
Flanger (depth) 1,2,3,4,5

Reverb (%) 10, 30, 50, 70, 90

White noise (dB) -15, -20, -25, -30, -35
Pink noise (amplitude ratio) | 0.02, 0.04, 0.06, 0.08, 0.10

Table 1: The reverb and flanger levels refer to the
parameters of the corresponding sox ef-
fects. The pink noise level refers to the
sox synth pinknoise vol parameter.

crease with the increase in the level of distortion, showing a cor-
relation to this effect (Fig. [2h). There was in general a slight
increase in the FAD scores with an increase in the intensity of
flanger (Fig. E})) and reverb (Fig. @) for RS-clean-audios, RS-
bass-notes and RS-bass-lines, but not always. For RS-senoids and
RS-songs there was a negative correlation. These results are con-
sistent with |17} [12].

The lowest scores occurred for the reference set with
the original audios (RS-clean-audios), as expected. The FAD
scores for RS-bass-lines were very close to those of RS-clean-
audios in all cases. Additionally, in general, except for the case
of RS-songs and RS-senoids and the effects flanger and reverb,
the FAD scores varied roughly similarly with the increase in the
intensity of the effect/noise for different reference sets. For au-
dios with lower levels of distortion (10 dB and 20 dB), flanger
(depth 1) and reverb (levels 10% and 30%), the smallest FAD
scores were for the sets containing only bass sounds. In these
cases, therefore, FAD was not only sensitive to the level of effect
but also to the specific type of sound (bass sound).

Sensitivity to noise: Figs. 2d and 2k show FAD scores for audios
with increasing levels of white and pink noise, respectively. An
increase in the level of noise led to an increase in the FAD scores,
much more regularly than for the case of effects (Figs. 2h-c).

For noises, the lowest FAD scores were obtained for
RS-senoids. Surprisingly, these scores were lower even than for
RS-clean-audios, i.e., the original audios. For effects (Figs. 2h-c)
the FAD scores were lower when computed with datasets con-
taining only bass sounds (RS-bass-lines). Our interpretation is
that the effects generate variations in the signal that are around
the original bass frequencies, whereas the white and pink noise
generate signals in frequencies in a much broader range.

In particular, the results show us that the FAD scores
computed for RS-bass-lines were always close or very close to
RS-clean-audios, for both effects and noises.
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7. Using FAD to Evaluate Denoising

In the second experiment, we studied FAD as a metric to evaluate
an automatic audio improvement process. We used denoising as
an example, using DIST-MODEL and WNOISE-MODEL.

We computed FAD for denoised audios using differ-
ent reference sets and two embeddings: VGGish and CDPAM-
acoustic [35]. VGGish was originally used in [12], the paper
that introduced FAD. In Sect. we report on results we ob-
tained with some of the embeddings supported by fadtk, specif-
ically: CLAP-2023 [32], CLAP-laion-audio [33]] and CDPAM-
acoustic. We chose these embeddings as they were not devel-
oped for the specific case of speech. Additionally, embeddings
based on CLAP yielded the highest correlation to human evalua-
tion in [[17]. In this section, we focus on the cases of VGGish and
CDPAM-acoustic, as the behaviour of FAD for these embeddings
is important for the discussion in Sect.

7.1. FAD for Denoised Audios, Different Reference
Sets and Embeddings

The audios with distortion were processed using DIST-MODEL.
Fig. [3] shows the FAD scores for the distorted audios (blue cir-
cles), the generated denoised audios (red squares) and the original
clean audios (brown triangles), for RS-bass-lines, RS-bass-notes,
RS-senoids and RS-songs using VGGish (Fig. k) and CDPAM-
acoustic (Fig. Bp).

For distortion and VGGish (Fig. [Bp) the FAD scores
were lower for the denoised audios using DIST-MODEL (red)
than for the distorted audios (blue) for all reference datasets. That
in principle reflects an audio improvement. However, for the case
of CDPAM-acoustic (Fig. [Bp) the FAD scores for distorted au-
dios (blue) were lower than even the original clean audios for RS-
senoids and RS-songs. For both VGGish and CDPAM-acoustic,
the FAD scores for RS-clean-audios are the lowest ones for RS-
bass-lines. Additionally, for this reference set, the relation be-
tween the scores for RS-clean-audio, denoised and distorted au-
dios were as expected, i.e., the lowest score for RS-clean-audios,
the highest score for the distorted audios, and an intermediate
score for denoised audios. However, RS-clean-audios was not al-
ways the set with the lowest scores. In Fig. B, for example, the
sets resulted from DIST-MODEL were closer (lower scores) to
RS-bass-notes, RS-senoids and RS-songs than RS-clean-audios.

The audios with white noise were processed using
WNOISE-MODEL and the SOX noisered function [39]. This
function eliminates noise from an audio according to a noise
profile, obtained by using the SOX function noiseprof. We
used noisered with parameter 0.1 and equalized the audios
to the 10-800 Hz range. Fig. [] shows the FAD scores for
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Figure 4: FAD scores (white noise), using VGGish
(a) and CDPAM-acoustic (b)

the noisy audios (blue circles), the generated denoised audios
using WNOISE-MODEL (red squares), denoised audios using
SOX (black stars) and the original clean audios (brown triangles),
for RS-bass-lines, RS-bass-notes, RS-senoids and RS-songs using
VGGish (Fig. f) and CDPAM-acoustic (Fig. [dp).

For white noise, the FAD scores for denoised (red
squares and black stars) and clean audios (brown triangles) were
lower than the scores for the noisy audios (blue circles) in all
cases, as expected (Fig. [Ap-b). There was in general a correla-
tion between the scores for the original noisy, denoised (for both
WNOISE-MODEL and SOX) and clean audios, except for the
case of RS-clean-audios and RS-senoids in Fig. .

Similarly to distortion, the FAD scores for denoised au-
dios are lower than those for RS-clean-audios for the cases of RS-
senoids and RS-songs. The scores for RS-clean-audios are low
for RS-bass-lines and the relation between the scores for clean,
denoised and noisy audios for RS-bass-lines are as expected. The
FAD scores for DIST-MODEL and SOX were very similar in all
cases.

As before (Sect. [6), RS-bass-lines exhibited the closest
distances to the original clean audios, according to FAD.

7.2. Closer Look at the FAD Scores for RS-bass-lines

Fig. [3] and [] presented the FAD scores for the set of denoised
audios considering the different levels of distortion and noise (in
each case) together. Figs. [3]and [§] show the FAD scores for the
denoised audios for each level of distortion and white noise sep-
arately, thus presenting a closer look at the scores for the denois-
ing process. Once more, we present the scores for VGGish and
CDPAM-acoustic. In these figures, however, we only use RS-
bass-lines as the reference set, as the FAD scores computed using
this reference set were close to those computed using RS-clean-
audios, as previously discussed (Sects. [6land[7.T). Recall that one
of the advantages of using FAD is that there is no need to have the
specific original clean versions of audios to be processed. In this
case, we in particular evaluate how RS-bass-lines could be used
as a reference set for high quality bass audios.

The FAD scores for the denoised audios (red squares)
are in general very low in comparison to the distorted audios (blue
circles), except for the case of 10 dB and 20 dB and VGGish
(Fig. ). These graphics lead to the conclusion that, according to
FAD, the denoised process yielded good results, as the scores for
the denoised audios represent a small distance to RS-bass-lines.
Regarding white noise, Fig. [6] shows that WNOISE-MODEL
(red squares) and SOX (black stars) have generated audios which
yielded close FAD scores. Again, FAD leads to the conclusion
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Figure 5: FAD scores when removing distortion
with DIST-MODEL, using RS-bass-lines
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that both denoising processes might have provided good results,
as the distances to RS-bass-lines are small.

Fig. however, shows normalized FAD scores for
each level of distortion (Fig. [7p) and white noise (Fig. [7p), for
embeddings from different models: in addition to VGGish and
CDPAM-acoustic, we also show the scores for CLAP-2023 and
CLAP-laion-audio. The values were normalized as follows: each
score in the figure is the FAD score for the corresponding level of
distortion and model divided by the FAD score of RS-clean-audio
for that model. The normalized scores thus reflect how far they
are from the FAD scores of the original clean audios using the
respective model. The reference dataset is always RS-bass-lines.

For distortion (Fig. [/p) there is a slight increase in
the normalized FAD scores with the increase in the distortion
level, but higher scores were exhibited with CDPAM-acoustic.
For white noise (Fig. [7b), the relative increase was higher
for CDPAM-acoustic and VGGish. The scores obtained with
CLAP-laion-audio and CLAP-2023 were very close and similar
to those for VGGish and distortion (Fig. [7h). The FAD scores
were higher, when CDPAM-acoustic was used (Fig. [Th-b).

7.3. Subjective Evaluation

We conducted a subjective evaluation of the denoising process to
verify whether there was a correlation between human perception
and FAD scores. Eight professional or semi-professional musi-
cians with experience with studio recordings were interviewed.
Each of them were asked five questions. Each question had two
audios: one with a denoised audio, and another with the corre-
sponding clean audio. The denoised audio was the result of using
either DIST-MODEL or WNOISE-MODEL for one of the five
corresponding levels of distortion or noise. After hearing both
audios, each person was asked to evaluate the denoised audio ac-
cording to audio quality, using a Likert scale from 1 to 5, where 1
and 5 indicated that the audio had quality that was, respectively,
distant and close to the quality of the corresponding clean audio.
Intermediate values expressed intermediate levels of audio qual-
ity. Each question contained an audio randomly chosen from the
set of denoised audios.

The Mean Opinion Score (MOS) was 1.6 4+ 0.3 and
2.6 £ 0.8, for distortion and white noise, respectively, for a 95%
confidence interval. Although the interview contained a small
number of responses, 29 for distortion and 11 for white noise, it
expressed that in general the quality of the denoised audios was
distant from the original clean audios for distorted audios. For
white noise, the average value was almost the exact middle point
between the extremes, but with a high variation.

(a) VGGish (b) CDPAM-acoustic
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Figure 6: FAD scores for audios denoised
using WNOISE_MODEL and SOX,
with RS-bass-lines, VGGish (a) and
CDPAM-acoustic (b)

8. Discussion

Specificity of reference sets. Using FAD demands a very spe-
cific choice of parameters. In [17], the reference sets used
(MusCC, FMA-Pop and MusicCaps) have different properties.
While MusCC has studio-quality audios, MusicCaps and FMA-
Pop contain, respectively, audios of less quality and from a large
genre diversity. The reference sets used in our experiments con-
tain the main intended property for the target audios (high qual-
ity) and thus they could all be considered equivalent in this regard.
Additionally, RS-bass-notes and RS-bass-lines should be equiva-
lent for FAD calculation, as both contain only bass sounds. How-
ever, RS-bass-lines was the only dataset that exhibited a short
distance to the original clean audios (Sects. [6]and[7). These ex-
amples highlight that a reference set must be chosen very specifi-
cally. According to our experiments, RS-bass-lines is a candidate
as reference set to evaluate audio quality of bass stems.

Interpretation of absolute and relative FAD scores. In general,
the FAD scores presented in Figs. [5] and [§ for the denoised au-
dios are low or very low in comparison to those for the distorted
and noisy ones in all cases. The FAD sensitivity to distortion and
noise, as indicated in Sect. [6]and in [12} (4] [17]], leads us to the
interpretation that the denoising processes provided good results,
i.e., removed much of the distortion and noise. However, the out-
come of the human listening test yielded a low and an average
MOS for distortion and white noise, respectively, indicating dis-
tance from the original clean audios. Considering the subjective
evaluation as a ground truth and the fact that the interviewed peo-
ple have experience with professional recordings, we conclude
that the generated denoised audios were close to the original au-
dios statistically (low FAD scores), but they lack quality, probably
by containing artifacts introduced during the denoising process,
to which FAD was not sensitive.

In relative terms, the normalized scores presented in
Fig. show that, for the case of distortion, the FAD scores
increased with an increase in the distortion level. The scores
were close for the different models, except for the case of
CDPAM-acoustic (Fig. ). In the case of white noise, the in-
crease in the normalized FAD scores was moderate to large for
VGGish and CDPAM-acoustic (Fig. [7b).

We computed the Root-Mean-Square (RMS) values for
each of the songs in RS-clean-audios for the case of denoising
from distortion, as calculated by Librosa (not shown here due to
space limitation). In general, the RMS values are roughly similar.
This could be interpreted as an indication (although rough) that
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the resulting denoised audios are somewhat similar, what is con-
sistent with the approximate FAD scores shown in Figs. [5] and [f]
(red squares and black stars) and indicates that the models were
not sensitive to artifacts introduced in the denoising process.

These results suggest that FAD scores might be more
easily interpretable as relative than as absolute values. Addition-
ally, in our experiments CDPAM-acoustic was the model that has
best reflected the subjective evaluation.

9. Conclusion

This paper had two goals. First, to present the many ways FAD
has been used, how effective its use has been and how it has cor-
related to human evaluation, as reported in the literature. Then,
to investigate the effect on FAD scores when different reference
sets and embeddings are used for a specific case, i.e., with more
homogeneous audio sets than considered in previous works. With
that, we intended to avoid natural sources of different audio fea-
tures that could lead to a wider range of FAD scores, such as
songs of diverse music styles.

Correlation between FAD scores and human evaluation
has been reported variably, ranging from very weak to strong.
Additionally, FAD is reportedly to be sensitive to some audio
features, but to fail in some cases as a general objective metric
to audio quality. In our experiments, FAD scores yielded corre-
lation to different levels of distortion and pink and white noise,
but were not sensitive to reverb and flanger. These results are
consistent with [[12] and [[L7].

We showed the importance of choosing a reference set
very specifically. FAD scores were low when RS-bass-lines was
used as a reference set. Using RS-bass-notes did not yield com-
parably low FAD scores, even though it also contains only bass
sounds. We additionally showed that relative FAD values might
be more easily interpretable than absolute ones. Among the stud-
ied models, CDPAM-acoustic provided the results that best re-
flected the subjective tests, carried out by people with experience
with professional recordings.

As a distance measurement between statistical distri-
butions, FAD surely can be used as a practical metric to evaluate
audio quality. However, reference sets must be carefully designed
and users must be aware of which combinations of reference sets
and models are sensitive to the specific desired target audio prop-
erties to be evaluated. FAD has been more sensitive to some ef-
fects and less to others, like reverb and flanger. Thus, further

investigation is needed to more thoroughly understand which set
of metrics and parameters are needed to guide the development

of automatic audio improvement tools.
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