2724

IEEE TRANSACTIONS ON AUDIO, SPEECH AND LANGUAGE PROCESSING, VOL. 34, 2026

CVSM: Contrastive Vocal Similarity Modeling

Christos Garoufis

Abstract—The availability of large, unlabeled datasets across
various domains has contributed to the development of a plethora
of methods that learn representations for multiple target (down-
stream) tasks through self-supervised pre-training. In this work, we
introduce CVSM (Contrastive Vocal Similarity Modeling), a con-
trastive self-supervised procedure for music signal representation
learning in the audio domain that can be utilized for musical and
vocal similarity modeling. Our method operates under a contrastive
framework, maximizing the similarity between vocal excerpts and
musical mixtures containing the same vocals; we devise both a
label-informed protocol, leveraging artist identity information to
sample the contrastive pairs, and a label-agnostic scheme, involving
artificial mixture creation from randomly sampled vocal and ac-
companiment excerpts, which are paired with vocals from the same
audio segment. We evaluate our proposed method in measuring
vocal similarity both objectively, through linear probing on a suite
of appropriate downstream tasks, and subjectively, via conducting
a user study consisting of pairwise comparisons between different
models in a recommendation-by-query setting. Our results indi-
cate that the representations learned through CVSM are effective
in musical and vocal similarity modeling, outperforming numer-
ous baselines across both isolated vocals and complete musical
mixtures. Moreover, while the availability of artist identity labels
during pre-training leads to overall more consistent performance
both in the evaluated downstream tasks and the user study, a
label-agnostic CVSM variant incorporating hybrid pre-training
with real and artificial mixtures achieves comparable performance
to the label-informed one in artist identification and perceived vocal
similarity.

Index Terms—Music representation learning, contrastive learn-
ing, music similarity, vocal similarity.

I. INTRODUCTION

HROUGHOUT all history, from the musical practices of
T the ancient world and classical orchestral music to the
heavily produced music of our era, musical pieces have always
constituted multi-faceted expressions of art. Multiple perform-
ers, each using a different instrument or their voices, cooperate
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to create compound sounds, usually in harmonic and rhythmic
consonance. However, each of the co-playing sources exhibits
its own distinct characteristics, influencing the musical piece in a
specific way, such as defining its rhythm, exhibiting the technical
proficiency of the performers, or eliciting a certain mood. Thus,
successfully modeling the similarity between particular musical
sources is of profound importance, with applications ranging
from music analysis [1] to music recommendation [2].

Possibly the most expressive “instrument” in a musical piece,
thanks to the range of different mental states it can convey, is
the human voice [3]. Perceptually, vocal similarity can be traced
to numerous high-level attributes, such as the phonation, the
articulation, the timbral clarity, as well as the vocal prosody [4],
[5]. These high-level perceptual traits can be connected partially
to low-level acoustic features translating into timbral similarity,
including the fundamental frequency (F0), formant frequencies
(F1-F4), their normalized amplitude ratios, and measures related
to the harmonic regularity, volume, and spectral noise [6], [7],
[81, [9]. Thus, early attempts to model vocal similarity [5] have
focused on extracting, or annotating, descriptive features from
vocal clips, and training machine learning classifiers to directly
predict them, creating thus an acoustic feature space that could be
used for vocal sample retrieval. More recently, it was shown that
such feature spaces can be obtained by neural networks that have
been directly trained from speech, with a suitable end-to-end
objective [9].

However, modeling the singing voice entails a number of
challenges compared to spontaneous speech, including higher
frequency range, harmonics amplitude, rhythmicality and vowel
duration [10], [11], [12]. This, coupled with the presence of
instrumental accompaniment, has steered early attempts in mod-
eling vocals in the presence of background music into neces-
sitating either suitable feature selection, or application of a
source separation pre-processing step [13], [14]. Another chal-
lenge regards the subjectivity of systematically evaluating the
(dis)-similarity across different voices. As a result, apart from
subjective listening tests [13], vocal similarity has been usually
evaluated through proxy tasks, such as singer identification [12],
[13], [15], [16], vocal technique recognition [12], [16], gender
recognition [12] or vocal pitch estimation [16].

Recently, the availability of large, unlabeled datasets across
various domains and the upsurge of deep learning, coupled with
the upscaling of hardware resources, have given rise to the
field of self-supervised learning (SSL). Under SSL frameworks,
neural networks are trained to learn representations which
discriminate between different input samples without having
access to their target labels. SImCLR [17], which can be viewed
as a batch-wide variant of triplet metric learning [ 18], constitutes
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one of the most prominent SSL paradigms. In short, SimCLR-
based methods aim to create a latent space where projections
of different views of the same sample, typically generated by
devising a suitable augmentation pipeline, are close to each
other, while simultaneously being distant from projections of
semantically different samples. Whilst originally developed for
computer vision applications, SimCLR has been transferred to
other domains [19], [20] or even multimodal settings [21], [22]
by appropriate choices of the backbone encoder and the applied
augmentations.

In the domain of musical audio, a number of research works
have applied contrastive learning in order to model vocal simi-
larity [12], [15] using clean vocal excerpts. However, the con-
trastive pre-training pipelines followed do not employ instru-
mental accompaniments, hindering generalization in the case
of commercial music where background instruments are also
present. Potential detours to this problem would involve cou-
pling song excerpts with isolated vocals during the pre-training
stage [23], leading to a latent space that successfully correlates
attributes of the isolated vocals with the musical piece, or using
jointly clean and mixture pairs [24] during pre-training, reducing
the domain gap between musical mixtures and vocal excerpts.
Nonetheless, neither of the above strategies guarantees invari-
ance to instrumental accompaniment by disentangling the vocal
properties in the learned latent space.

In this work, we present CVSM (Contrastive Vocal Simi-
larity Modeling), a framework that can be utilized for vocal
retrieval and vocal similarity modeling both in clean vocals and
in-the-wild (i.e., in the presence of background instrumental
accompaniment). The presented framework relies on pairing
vocal excerpts with mixtures of vocal excerpts and instrumental
accompaniment. It is based on MSCOL [23], but improves on it
in terms of robustness, specificity and generalizability, adapting
it to source-informative representation learning (in our case, the
vocals). Our main contributions are the following:

® We leverage the availability of artist identity labels, as
their utilization has proven effective in general-purpose
music representation learning [25], [26], by proposing
a label-informed pre-training scheme. In this case, con-
trastive pairs are created by matching excerpts of isolated
vocals with full song excerpts, originating from the same
artist,! deviating from [25] where both pair components
are sampled from the complete musical mixture.

e Inspired by data augmentation techniques used for mu-
sic source separation [27], [28], we also design a label-
agnostic pre-training protocol, wherein we generate arti-
ficial musical mixtures as anchors by superimposing the
positive vocal sample with an accompaniment from a
different, randomly sampled musical piece. This way, we
intend to create a latent space invariant to instrumental
properties of the musical piece [29]; this approach is sim-
ilar to [30], but applies itself in a contrastive setting. To
alleviate the domain gap between the artificial mixtures
used for pre-training and original music pieces, we also
experiment with 1) stochastic application of the proposed

'We note that since artist labels are utilized to guide the contrastive sampling,
the proposed label-informed scheme is not strictly self-supervised.
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augmentation, selecting randomly (on-the-fly) either arti-
ficial or real musical mixtures during pre-training and ii)
contrastive self-supervised fine-tuning, using solely pairs
of real musical mixtures and the corresponding vocals.

® We explore the behavior of both label-informed and label-

agnostic variants, obtaining insights into the extent ar-
tificial mixtures and artist-level labels are necessary for
learning robust representations for vocal-oriented music
understanding tasks, as well as the necessity of having
access to high quality separated vocal tracks through using
multiple [31], [32] open-sourced music source separation
systems for vocal track acquisition.

The framework was pre-trained using the publicly available
Music4All [33] dataset, and was evaluated both i) objectively,
by training shallow downstream classifiers upon the learned
embeddings in the tasks of gender identification and artist
identification and similarity, and ii) subjectively, by evaluating
the learned latent space of the framework in retrieving and
recommending musical pieces with vocals similar to a given
query through a listening test. Our findings indicate that CVSM
can effectively model musical and vocal similarity across both
isolated vocals and complete musical mixtures. In particular, the
label-informed CVSM variant outperforms its respective base-
line [25] in isolated vocals, while performing comparably to it in
the presence of instrumental accompaniment. We also show that
even without the availability of artist identity labels during pre-
training, CVSM can create a latent space that effectively conveys
artist identity information, outperforming label-agnostic base-
lines [19], [23], [34], [35] in artist identification and similarity. In
fact, when pre-trained using a combination of real and artificial
mixtures, the performance of the label-agnostic CVSM variant
approaches the one achieved by label-informed pre-training in
artist identification. These results are further corroborated by the
user study, with the CVSM variant pre-trained with artist-guided
sampling scoring the highest among all evaluated models in
modeling both overall and vocal similarity in musical mix-
tures. Interestingly, despite its middling performance in overall
perceived similarity, label-agnostic pre-training incorporating a
hybrid strategy of utilizing both real and artificial musical mix-
tures during pre-training performs comparably to label-informed
models in encapsulating perceived vocal similarity, suggesting
that it can be utilized for vocal-based retrieval applications with-
out prior access to artist metadata, and contributing in paving
the way for music understanding applications with respect to
specific sources or song-wise elements.

To foster reproducibility of our experimental results, we make
our source code as well as pre-trained model weights available
at: https://github.com/cgaroufis/CVSM.

II. RELATED WORK

Traditionally, vocal similarity in musical pieces has been
modeled via tags denoting the presence or absence of vocals, or
inherent attributes of the vocalist [36]. Hence, acoustic features
and, more recently, time-frequency representations have been
extracted from mixed audio excerpts and fed to shallow machine
learning classifiers, or deep neural networks, to directly predict
those attributes [37], [38]. Thanks to recent developments in the
task of music source separation [28], [32], [39], which have been
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fueled by the release of diverse datasets [40], [41], [42], isolating
the vocals from the mixed audio [43], [44], [45] has emerged as a
promising alternative, leading to more robust estimation of vocal
tags [43], [45]. However, these methods introduce computational
overhead, through the deployment of an auxiliary network for
vocal track isolation.

Recent advances in SSL have led to the creation of large-scale
music foundation models [34], [46], trained to learn general-
purpose representations of audio through large amounts of un-
labeled data; contrastive learning, in particular, has been iden-
tified as a promising avenue towards this goal. The majority of
contrastive approaches follow the SimCLR [17] scheme of pro-
jecting batches of paired input views into a shared latent space,
which has been shown to outperform other self-supervised ap-
proaches [47], [48] in music tagging tasks [49]. COLA [19] has
set a simple, yet effective paradigm for transferring SimCLR
into the audio domain, sampling data pairs by cropping different
excerpts from the same audio sample. As the encoder back-
bone, [19] adapts EfficientNet-BO [50], initially developed for
image classification, to audio understanding tasks by accepting
spectrogram inputs.

The aforementioned data sampling strategy usually forms the
basis of more complex augmentation chains. These chains often
include additional augmentations such as gain amplification, fre-
quency masking/filtering, reverberation effects, time warping or
pitch shifting operations applied either on time-frequency input
representations [29], [51], [52], or on the waveform itself [53],
[54]. The pair creation process may also be assisted by auxiliary
supervisory pseudo-labels; these have included editorial meta-
data, such as artist or album information [25], [55] and playlist
co-occurrence statistics [55], [56]. Numerous of the above meth-
ods deviate from [19] in the choice of encoder backbone; while
the Efficient-Net encoder is indeed a popular choice [25], [49]
experimented with a Res-Net [57] backbone, while [51] opted
for a SWin-Transformer [58] and [35] employed a SlowFast
NF-Net [59].

Learning the identity of artists, either using complete musical
pieces [25], [26] or isolated singing voices [12], [15], has been
recently employed as an indirect way to model musical or vocal
similarity [13], [14]. Such approaches rely either on supervised
learning, where neural networks correlate audio excerpts to artist
identity labels [26], or on contrastive learning, building upon the
SimCLR framework by pairing elements from the same audio
segment [12], [15] or artist [25]. However, the majority of those
operate either in the space of singing voices [12], [15], which
hinders their ability to model the vocals in the presence of back-
ground music, or in complete musical mixtures [25], [26], being
thus unable to disentangle attributes pertaining to the singing
voice. A potential solution to this could involve the utilization
of both complete musical mixtures and isolated sources during
the training process [24], [30]. Given that particular attributes
of musical pieces, such as the tempo, the primary melody, or the
target elicited emotion, are tied to either specific instruments,
or the vocals [23], [44], [45], a number of frameworks that
associate, through a contrastive process, segments of musical
pieces with isolated sources have been developed. For instance,
information related to the tempo can be captured through per-
cussive components [60], [61], whereas associating the mixture
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segments with randomly chosen isolated sources can lead in
effective general-purpose representation learning of musical
signals [23]. Moreover, encoders pre-trained in musical source
association have been employed for evaluating the plausibility
of generated instrumental accompaniments in [62].

However, the majority of those methods operate using either
raw, or weakly augmented, views of the input audio segments; a
less explored family of augmentations, inspired by mixup [63],
involves creating additive mixtures of audio signals as pre-
training inputs. Its most basic variant, involving generation of
synthetic audio excerpts via direct superimposition of distinct
audio segments, has been applied in various works [35], [47],
[64] as a general-purpose input augmentation. Yet, despite the
wide usage, and success, of generating artificial mixtures by
superimposing source excerpts of different origins in tasks such
as frame-wise pitch estimation [65], [66] and music source sep-
aration [28], [32], [67], this avenue has only concurrently been
explored in contrastive setups [68], for the task of music sample
identification. Moreover, artificial increase of the training dataset
by generating synthetic mixtures has been reported to introduce a
domain gap during inference [69], [70]; as such, researchers have
attempted to bypass it by either performing some small-scale
finetuning on datasets from the target domain [71] or introducing
an alignment stage, with regard to either tempo, or pitch, before
superimposing the various audio segments [11], [72].

III. PROPOSED METHOD

In this work, we propose CVSM, an extension of MSCOL [23]
for vocal similarity modeling; we present its overview in Fig. 1.
Both MSCOL and CVSM were designed for learning repre-
sentations of musical audio by associating audio excerpts with
isolated sources of the audio through a batch-wise contrastive
loss objective. However, while MSCOL was developed for
general-purpose music representation learning, here we focus
solely on the case of vocals. To this end, we extend MSCOL
by modifying the contrastive pair generation process as well as
the followed training scheme, both by incorporating artificial
mixture generation [27] and employing artist-level pair sam-
pling [24], [25], in order to increase its robustness and invariance
to non-vocal elements.

A. Contrastive Pair Generation

Label-Informed Sampling: The approach we follow for
sampling batches of contrastive pairs is built upon the
segment-wise sampling procedure followed by COLA [19]. In
more detail, we couple complete musical mixtures with isolated
vocal excerpts?, with the mixture and vocal excerpts originating
from the same artist. Employing artist identity labels to guide
the pair selection process helps in projecting audio segments
with similar vocals close to each other; moreover, in contrast
to segment-level sampling, the learned similarity is not tied to
song-specific attributes. No augmentations are applied in this
stage, so as to capture both timbre-related and pitch-related
information about the singing voice [12].

>Throughout the paper, we use the terms excerpts for network input audio,
segments for the audio slices used to crop the audio excerpts, and previews/clips
for complete audio files.
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Overview of our proposed framework for learning audio representations. Contrastive pairs {x, <, } are generated either using (top left) label-informed

sampling, where pairs of musical mixtures and isolated vocals are sampled from the same artist, or (bottom left) in a label-agnostic manner, by i) creating artificial
mixtures by summing the accompaniments and vocals of different song excerpts (artificial mixture creation) or ii) sampling excerpts from the complete song, and
coupling them with time-shifted vocal excerpts (same-clip sampling). These contrastive pairs are then used to pre-train an encoder backbone with a contrastive loss
objective (right); m;, v; and a; denote complete musical mixtures, isolated vocals and isolated accompaniment, respectively.

Label-Agnostic Sampling: The availability of artist labels
guides sampling towards pairs which, while containing vo-
cals from the same artist, do disentangle vocal attributes from
non-vocal information, since they may originate from differ-
ent songs. However, when following the above procedure in
a label-agnostic setting, the mixtures and isolated vocals are
highly correlated in terms of various non-vocal properties, since
they are sampled from the same segment. Thus, in this case the
contrastive pairs are created by generating artificial mixtures,
consisting of a vocal excerpt superimposed with a randomly
sampled instrumental accompaniment, and coupling them with
isolated vocals from the same audio segment. Using randomly
selected accompaniments to generate artificial mixtures has
shown to increase the robustness of networks in frame-wise
singing voice understanding tasks [65], [66]. Furthermore, com-
pared to pairing the vocal sample with its original accompani-
ment [23], this strategy i) not only acts as data augmentation,
increasing the network’s ability to generalize [27], [28], but
also ii) helps in forming a latent space invariant to non-vocal
elements of musical pieces [29]. Similar to above, no further
augmentations are applied to either the isolated vocals or the
artificial mixtures.

B. Network Backbone and Projection Head

As the encoder, we make use of the EfficientNet [50] family of
models. Its combination of small parameter footprint and solid
learning capability renders it a suitable choice for contrastive
learning pipelines [15], [19], [23], [25], [62], which are depen-
dent on larger batch sizes [17], [19], [53]. Since EfficientNets
consist of 2D convolutions, the generated input waveforms
have to be transformed into the time-frequency domain; thus,
their mel-spectrograms are computed, with 64 bands, a window
length of 25 ms and a hop size of 10 ms.

EfficientNet architectures consist of distinct blocks (stages),
each of which processes its input through a series of depthwise-
separable convolutions [73] incorporating inverted residual
connections and downsamples it through a two-dimensional
pooling operation. The output tensor of the final convolu-
tional stage is flattened through an average pooling opera-
tion to acquire a global feature vector, which can be used
in conjunction with a classification head for downstream
tasks. We opted for the EfficientNet-BO encoder, amount-
ing to a total of 5.3 M parameters, including 9 stages and
18 convolutional layers, and leading to an 1280-dimensional
embedding.

For the projection head, we follow [19] by applying a linear
layer, with a size of 512, on top of the encoder, followed by Layer
Normalization [74] and a tanh() activation. We note that this
projection head is used only during pre-training, for measuring
the similarity between semantically similar embeddings, and
discarded during downstream training.

C. Training Scheme and Loss Function

For pre-training, we generate contrastive pairs, following the
procedure outlined in Section III-A, and train the network in
identifying the vocal excerpt included in each mixture (real
or artificial) in the respective batch. For this purpose, first the
bilinear similarity, s(y, ) [19], is computed between all anchor
and positive embeddings in each batch. These similarities are
first transformed into logits, via a softmax operation, and then
used to train the projection head, using the normalized binary
cross-entropy loss for all elements in each batch S = S, U S,
(where S, contains the anchors, S, the positives, and § € .S},):

N, CP(s(9)
£=-D log > ees, (@xp(s(y.2)))

YESa

D
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where s(y, 7)) = yT W4 denotes the aforementioned bilinear
similarity between the anchor embeddings y and the positive
embeddings y computed through a learnable linear layer W. We
note that, in contrast to MSCOL [23], since we are mostly inter-
ested in identifying timbral differences between vocal excerpts,
rather than acquiring information about high-level attributes
through the existence or absence of vocals, we do not use the
modified cross-entropy loss presented in [23].

Whereas in the label-informed case the same training protocol
is applied throughout pre-training, we empirically noted that, for
the label-agnostic pre-training, the learned embeddings did not
generalize well in practice, especially for shorter audio clips. We
hypothesize that the core reason for this is the domain gap [71]
that incurs between the artificial data used for pre-training and
the real data used in practice. To alleviate the gap, we experiment
with the following strategies:

® Hybrid Pre-Training: In this case, we simultaneously ex-
pose the network to real and artificial mixtures during pre-
training. To this end, real and artificial mixtures for each
vocal segment are generated stochastically, at probabilities
1 — pand p, so that each batch of contrastive pairs contains
both real and artificial musical mixtures.

e [n-Domain Finetuning: Here, we introduce a second train-
ing stage in the self-supervised training procedure, after
pre-training with artificial mixtures. During this stage, we
do not use artificial mixtures as anchor examples, feeding
instead the network solely with pairs of song excerpts and
vocals isolated from the same segment.

IV. EXPERIMENTAL SETUP
A. Data and Preprocessing

As our primary dataset, we employed Music4All [33], a
publicly available dataset consisting of metadata (such as artist
names and song titles), lyrics, genre information and user listen-
ing statistics for a large-scale music catalog, as well as 30 sec
audio previews (clips) of the included songs. In total, the dataset
includes 109,269 songs from 16,269 different artists, at diverse
sampling rates. In Fig. 2, we depict the exact distribution of
the artist identities in the dataset according to the number of
audio previews available for each artist (left), as well as the
percentage of the available previews corresponding to each
category (right). From the left subfigure, we observe that the
distribution of artist labels in Music4All is not balanced; only
2.08 % of the artists are represented with more than 50 audio
previews each, whereas 82.92 % of the artists have less than
10 previews each. The subfigure on the right further supports
this point, since comparable portions of the dataset previews
were recorded by artists with less than 10 previews (32,598 total
previews, or 29.83%) and artists with more than 50 previews
(26,507 previews total, or 24.26%).

Similar to other works utilizing large singing voice datasets
for music understanding tasks [12], [23], an open-source frame-
work for music source separation, open-unmix [31], was chosen
for extracting the vocal segments and the instrumental accom-
paniment, facilitating both the contrastive pre-training objective
and the creation of the artificial mixtures. All audio clips, prior to
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Fig. 2. Dataset statistics for Music4All: the number of artist identities (left)
and the percentage of audio previews in the dataset (right), grouped according
to the number of audio previews available for each artist.

pre-training, were downsampled to 16 kHz, for computational
efficiency purposes, and split into 5 sec segments. Vocal seg-
ments with a mean amplitude lower than 0.01 (amounting to
20.53% of the full dataset) were discarded.

B. Training and Evaluation Protocols

We pre-train CVSM embeddings with Music4All, following
the protocol delineated in Section III. During pre-training, the
dataset is split into training, validation and testing subsets, using
an 8:1:1 ratio, so that there is no artist leakage between the
different subsets. The backbone encoder was pre-trained for a
maximum of 8,000 steps (approx. 160 epochs for the subset
of Music4All containing vocals), with each step consisting of
64 mini-batches of 128 contrastive pairs. Taking into account
data loading considerations, a complete training cycle lasted
approximately 5 days in a single Nvidia GeForce 2080. For
the in-domain finetuned backbone, following preliminary ex-
periments, we interrupt pre-training with artificial mixtures at
6,000 steps, and only use real mixture-vocal pairs for the final
2,000 steps. We used Adam [75] as the optimizer, with an initial
learning rate of 0.001. The pre-training progress was monitored
by measuring the pre-text loss in intervals of 10 steps; the
learning rate was halved in case the running average of the
validation loss did not improve over 1,000 steps.

In order to evaluate the capability of the proposed framework
to model vocal similarity, we freeze the model’s encoder and
benchmark its performance on the following vocal understand-
ing tasks, as per the concurrent literature [12], [15], [16]:

® Gender Identification: The goal here is to correctly classify
the biological gender (male/female) of the singing artist.
For this task, we re-use Music4All, using only artists for
whom gender information is retrievable following [76]. For
the evaluation, we employ an artist-stratified 10-fold cross-
validation procedure, to gauge the timbral content of the
embeddings on unseen data. As our metric, we employ the
classification accuracy (Acc., %).

o ArtistIdentification: Similar to the previous case, the goal is
to correctly classify the artist identity given an embedding
vector. We utilize the testing subset of Music4All, using
the available previews from M = 50 randomly sampled
artists from the testing subset (for which no label infor-
mation has been available during pre-training), and per-
forming 5 repetitions of the experiment with differently
sampled artists. During each repetition, an 8:1:1 split of
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the respective dataset into training, validation and testing
data was applied. In contrast to the case of gender iden-
tification, the task target regards discrimination between
audio excerpts of artists that have been accessed during
downstream training; thus, we opt for a random data split,
instead of an artist-stratified one. Since the distribution of
artist labels in Music4All is not balanced, we report on
both the identification accuracy (Acc., %) as well as the
macro-F1 score, which can be calculated as the average of
the per-class F1 scores.

o Artist Similarity: Here, we directly probe the learned
embeddings, computing the similarity between pairs that
belong to the same, or different, artists. Similar to the
previous case, we utilize the testing subset of Music4All
for this task. Following [15], we compute the Equal Error
Rate (EER) and the Mean (MNR) and Median (MedNR)
Normalized Rank metrics, which are used for retrieval
purposes [15], [77], [78] and denote the ability of a system
to identify input sample pairs as similar (from the same
origin) or dissimilar (from different origins), penalizing
low similarities between samples from the same origin.
For EER calculation, we use K = 5000 sets of similar and
dissimilar pairs; for MNR and MedNR, we use a batch size
of N = 50, and K = 100 trials.

We note that the network backbone is always kept frozen, and
the performance is measured through training a linear classifier
upon the learned embeddings (or, in the case of artist similarity,
directly probing the learned latent space affer the projection
head, but prior to the bilinear similarity computation). All
experiments were repeated for two different configurations; 1)
for complete musical mixtures (in the presence of instrumental
accompaniment), using all 1 sec excerpts with vocals present,
as well as ii) on isolated vocals. For the gender and artist
identification tasks, network performance is measured over each
30 sec clip, by aggregating the estimates for each excerpt that
contains vocals into a single prediction. The downstream linear
classifiers are trained over a maximum of 200 epochs, using
again Adam [75], a learning rate of 5e-4, and early stopping
by monitoring the clip-wise identification accuracy, with a pa-
tience of 6 epochs. For the artist similarity task, we use the
cosine similarity as the similarity function, measured between
pairs of averaged embeddings of all valid (containing vocals)
1 sec excerpts within each clip; the averaged embeddings are
L2-normalized prior to the distance calculation. In all cases,
paired t-tests were conducted across all experiment repetitions,
between CVSM variants and the appropriate (label-informed or
label-agnostic) best-performing baseline.

C. Baselines

We compare CVSM to four identity-agnostic baselines, which
learn excerpt-level audio representations:

e COLA [19], trained with time-shifted song excerpt pairs.

e MSCOL [23], trained to associate song excerpts with the
corresponding vocals in a single-source setup.

e MERT [34], trained via a masked language modeling
(MLM) self-supervised setup, with target pseudo-labels
provided by an acoustic and a musical teacher model.
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TABLE I
OVERVIEW OF THE COMPARED METHODS REGARDING THE INCLUSION OF
VOCALS, ARTIST IDENTITY INFORMATION, ARTIFICIAL MIXTURES AND
IN-DOMAIN FINETUNING IN THE PRE-TRAINING PIPELINE; ALL METHODS ARE
CONTRASTIVELY PRE-TRAINED

Method Vocals | Artist ID | Artif. Mix | Finetune

COLA [19] X X - -
MSCOL [23] v X X -
MERT [34] X X - -
MULE [35] X X - -

CCOLAART[25] | x | v | - -
CVSM-A v X v X
CVSM-AH v X v X
CVSM-AF v X v v

"~ CVSM-ART || v v x

e MULE [35], which is built upon a convolutional backbone
and trained with a contrastive objective, involving data-
driven augmentations, in an in-house dataset.

As well as the identity-informed baseline:

® COLA-ART, where we follow the procedure used in [25],
associating song excerpts with the same artist label.

For COLA and MSCOL, as well as COLA-ART, we trained
the baseline encoders using the same pre-training dataset and
under the same protocol (backbone architecture and training
scheme) as CVSM; for MERT, we make use of the publicly
available checkpoint obtained via pre-training in Music4All,3
and use embeddings obtained via 1 sec audio excerpts to ensure
a fair comparison. Finally, for MULE, we utilize the model
weights from the official repository* for embedding extraction;
we note, however, that the comparison is not inherently fair due
to MULE being trained out-of-domain.

We experiment with the following CVSM variants:

e CVSM-A, incorporating label-agnostic pre-training with
excerpt-level creation of artificial mixtures of vocals and
instrumental accompaniment, without exposing the model
to any real musical mixtures.

e CVSM-AH, where the network is pre-trained with the
hybrid scheme of viewing both real and artificial musical
mixtures during pre-training. After experimentation, the
artificial pair creation probability was set to p = 0.5.

e CVSM-AF, where we finetune CVSM-A in-domain using
solely real mixture-vocal pairs.

e CVSM-ART, which has been pre-trained utilizing artist
identity information, as delineated in Section III-A.

An overview of various properties of these models is presented

in Table I; we note that for p = O and p = 1, CVSM-AH reduces
to MSCOL and CVSM-A, respectively.

V. RESULTS AND DISCUSSION

A. Main Results

The results in all three downstream tasks, for all tested config-
urations, are displayed in Table II — top for mixture input, bottom

3https://huggingface.co/m-a-p/MERT-vO-public
“https://github.com/PandoraMedia/music-audio-representations/
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TABLE II
EXPERIMENTAL RESULTS ON THE TASKS OF GENDER IDENTIFICATION, ARTIST IDENTIFICATION AND ARTIST SIMILARITY ON MUSIC4ALL, (TOP: MUSICAL
MIXTURE INPUT, BOTTOM: ISOLATED VOCALS), FOR ALL EXAMINED MODEL CONFIGURATIONS AND BASELINES

R Gender ID Artist ID Artist Sim.
Configuration
Acc. (%) T Acc. (%) 1 macro-F1 (%) T EER | MNR | MedNR |
COLA [19] 81.01 & 3.68 59.67 £ 5.02 47.02 £ 3.68 28.10 + 4.46 2143 £ 3.40 11.82 £ 3.73
MSCOL [23] 85.24 + 3.80 70.40 + 3.71 59.32 + 8.35 25.30 + 4.71 18.21 + 3.11 9.08 &+ 3.03
MERT [34] 81.61 £+ 2.84 65.29 + 5.65 55.85 £ 7.50 3534 £ 398 2797 £+ 3.44 17.94 £+ 4.82
MULE [35] 85.14 + 4.31 70.33 + 3.10 61.28 + 4.88 27.10 &+ 4.53 19.16 + 2.98 10.52 4+ 3.32
" COLA-ART [25] || 87.15 + 344 | 7658 + 1.92 | 69.31 +343 | | 1792 £407 | 1033 £204 | - 443 £ 134
CVSM-A 85.65 + 3.31 73.26 + 4.14 59.40 £+ 7.05 29.54 + 4.10 19.89 + 2.82 8.54 £ 2.89
CVSM-AH 85.40 + 3.33 77.66 + 2.19 66.30 + 4.77* 22.54 + 4.07* 15.23 + 2.61* 6.12 £+ 2.04*
CVSM-AF 85.48 £+ 3.12 72.79 £ 2.60 60.27 £ 3.76 23.42 + 4.44* 16.19 £ 2.58* 7.27 £ 2.20*
© CVSM-ART || 87124341 | 78.65+224 | 70.00 +3.30 | 17.08 + 3.89* | 9.82 + 1.90° | 4.03 + 104"
Configuration Gender ID Artist ID Artist Sim.
Acc. (%) T Acc. (%) T macro-F1 (%) 1 EER | MNR | MedNR |
COLA [19] 83.89 & 3.38 54.85 + 4.66 40.75 £ 4.83 28.50 &+ 4.79 21.05 £+ 2.93 12.20 + 3.51
MSCOL [23] 85.27 £+ 2.87 70.67 + 4.55 56.58 + 4.23 23.58 4+ 4.50 16.51 £+ 2.62 8.12 + 2.52
MERT [34] 81.67 + 1.91 62.88 £+ 7.02 47.78 £ 9.50 35.28 + 3.53 29.06 + 3.89 18.63 £ 5.15
MULE [35] 85.64 £+ 3.63 69.12 + 4.15 57.15 + 2.36 29.12 4+ 4.01 22.49 + 3.31 943 +2.73
" COLA-ART [25] || 8505+ 283 | 71064238 | 5745+3.30 | 2474+464 | 1715+273 | ¢ 807 +252
CVSM-A 85.23 £+ 3.26 78.20 + 3.74* 65.10 + 4.00* 22.32 + 4.25% 14.70 + 2.37* 6.22 + 1.93*
CVSM-AH 86.06 + 3.20 76.33 £ 3.64* 66.09 + 3.57* 22.04 + 3.78* 14.96 £+ 2.21* 6.32 £ 2.00*
CVSM-AF 84.91 &+ 3.61 77.67 £ 3.30* 66.67 + 5.46* 22.34 £ 4.52* 15.06 + 2.25* 6.54 £ 1.92*
© CVSM-ART || 87.46 £ 3.13* | 7857 + 3.17* | 6852 + 3.92° | 16.84 + 4.00* | 9.80 + 1.85* | 3.96 + L11*

for vocal input. In both sub-tables, the first row corresponds to
the COLA [19] setup, the second to MSCOL [23], the third
to MERT [34], the fourth to MULE [35] and the fifth to the
COLA-like artist identity-informed sampling scheme presented
in [25]. Lines 6-8 correspond to the label-agnostic CVSM vari-
ants, whereas the performance of the label-informed CVSM
variant is presented on the last line. The best results across
both label-informed and label-agnostic methods are typeset in
bold, and statistically significant (p < 0.05) improvements are
denoted with an asterisk. We observe that in both scenarios, the
label-agnostic CVSM variants outperform the COLA [19] and
MERT [34] baselines in the majority of downstream tasks (the
exception being artist similarity for CVSM-A), while perform-
ing comparably to MSCOL [23] and MULE [35] on musical
mixtures, and better on isolated vocals. This improvement is
statistically significant at the p < 0.05 level for all CVSM
variants for artist identification and similarity with vocal in-
put, and CVSM-AH and CVSM-AF for artist similarity with
mixture input. Similarly, the proposed model pre-trained on
the association between mixtures and isolated vocals from the
same artist (CVSM-ART) was competitive to the label-informed
baseline [25] for the case of musical mixtures (Table II, top)
— for the task of artist similarity, the improvement is deemed
statistically significant (p < 0.05) — while outperforming it for
isolated vocals (Table II, bottom) in all downstream tasks at
the p < 0.05 statistical significance level. We note that, in ac-
cordance to the literature [25], [55], availability of artist labels
during pre-training leads to improvement in all downstream
tasks.

Upon comparing the two sub-tables, we observe that for
the classification tasks (gender and artist identification), the
best performance reached on musical mixtures (Table II, top)
is comparable to that achieved with isolated vocals (Table II,
bottom). This indicates that CVSM is suitable for end-to-end
application in vocal understanding tasks, without necessitating
a vocal isolation pre-processing step. However, this holds less
true in the artist similarity task, denoting that vocal isolation is
still recommended for successful retrieval applications.

Delving into more detail in the model performance across
the evaluated downstream tasks, we first investigate the results
for the case of full musical mixtures (Table II, top). We first
note that the incorporation of vocal excerpts in label-agnostic
training pipelines leads to improved performance in all exam-
ined tasks. Indeed, CVSM outperforms both COLA [19] and
MERT [34], which have been trained through full mixtures,
while the performance yielded by MSCOL [23], which has been
trained through mixture-vocal pairs, and MULE [35], relying
on large-scale contrastive pre-training and a different network
backbone [59], is comparable to some CVSM variants. On the
contrary, both label-informed models yield comparable perfor-
mance in all tasks, suggesting that the variation of contrastive
pairs obtained through artist identity sampling is sufficient. Re-
garding the different tasks, the advantage of the label-informed
models (CVSM-ART and COLA-ART) is clearer in gender
identification, where all label-agnostic CVSM variants perform
to a similar level to MSCOL [23]. However, examination of
the results in artist identification and retrieval reveals a more
complex picture; while solely incorporating artificial mixtures
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of vocals and instrumental accompaniment (CVSM-A) does
improve artist identification compared to MSCOL [23], it comes
at the cost of a more fragmented latent space, as implied by the
higher metrics in artist similarity. Both hybrid real-artificial pre-
training (CVSM-AH) and in-domain finetuning (CVSM-AF)
help in resolving this issue, leading to better metrics in both
identification and similarity than MSCOL. Among these two
methods, CVSM-AH appears more effective; in fact, in artist
identification, its results approach the ones of the label-informed
approaches, despite not accessing identity labels during pre-
training. The performance yielded by CVSM-AH in comparison
to both MSCOL [23] and CVSM-A implies that in contrast to
the majority of augmentations devised in [53], increasing the
probability of generating artificial pairs does not guarantee better
downstream performance. Finally, the advantage that the label-
informed models hold in artist similarity is relatively significant,
amounting to a larger than 4% overall decrease in both EER
and MNR, and approximately 2% overall decrease in MedNR,
compared to their label-agnostic counterparts.

The overall picture changes slightly for isolated vocal input,
(see Table II, bottom). Here, i) the availability of vocals during
pre-training, as well as ii) the application of appropriate aug-
mentations, emerge as crucial factorsaffect model performance.
In more detail, CVSM-ART outperforms COLA-ART [25] in
all examined downstream tasks, highlighting the importance
of incorporating isolated vocal excerpts into pre-training; this
trend is maintained on the label-agnostic models, with CVSM
variants and MSCOL [23] scoring higher than COLA [19],
MERT [34] and MULE [59]. In addition, in both artist identifica-
tion and artist similarity tasks, all CVSM variants improve over
MSCOL [23], indicating that the proposed scheme of correlating
artificial musical mixtures with vocal excerpts succeeds in isolat-
ing vocal-related attributes. Contrary to musical mixture inputs,
the performance of CVSM-A is relatively similar to that of the
two more sophisticated variants, probably due to the exposure
of CVSM-A in clean vocals (as opposed to artificial mixtures)
during pre-training. Finally, the performance of CVSM-ART in
the gender identification (requiring a coarsely structured latent
space) and artist similarity tasks suggests that in terms of latent
space structure, availability of artist labels plays a crucial role;
on the other hand, as we also observed for complete mixtures,
the label-agnostic CVSM variants achieve performance close to
CVSM-ART in artist identification.

Overall, while CVSM-ART held a clear performance edge
over [25] in vocal-oriented downstream tasks, this mostly dimin-
shes for musical mixtures, leading in comparable model perfor-
mance. Thus, taking into account the computational overhead in-
troduced by acquiring separated vocal tracks, we believe that uti-
lizing the label-informed CVSM pre-training scheme is superior
over [25] in cases where either the downstream usage concerns
vocal excerpts, or the vocal tracks are independently available,
and as such, do not induce additional computational load. On the
other hand, there is no such additional computational overhead
introduced by CVSM variants compared to MSCOL [23], since
instrumental accompaniments are computed by subtracting the
(already separated) vocals from the available musical mixtures,
rendering their training advantageous for most downstream use
cases.

ARTIST SIMILARITY ON MUSIC4ALL, (TOP: MUSICAL MIXTURE INPUT,

TABLE III
EXPERIMENTAL RESULTS ON THE TASKS OF ARTIST IDENTIFICATION AND
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BOTTOM: ISOLATED VOCALS), WHEN USING HT-DEMUCS-OBTAINED VOCAL
EXCERPTS FOR PRE-TRAINING

. Artist ID Artist Sim.
Configuration
Acc. (%) T EER | MNR |
MSCOL [23] 7427 £ 4.19 | 23.18 &+ 4.11 16.26 £ 2.54
CVSM-AH 77.02 £2.12 | 19.68 & 4.05 13.61 £+ 2.39
CVSM-ART 78.75 £ 2.51 | 14.24 + 3.94 8.56 + 1.72
. Artist ID Artist Sim.
Configuration
Acc. (%) T EER | MNR |
MSCOL [23] 73.46 £ 3.86 | 22.18 +4.35 15.20 + 2.58
CVSM-AH 7573 + 1.85 19.26 £+ 4.20 12.95 £ 2.55
CVSM-ART 81.67 £+ 4.01 | 14.64 + 3.75 8.73 + 1.97

B. Additional Experiments

In order to gain further insights into the performance of
CVSM, we conducted a series of experiments focusing at various
stages of the complete training pipeline by: i) varying parameters
of the pre-training scheme, such as the model used to obtain the
single-source excerpts, the ratio of real and artificial mixtures
during pre-training, and the proportion of artist-labeled excerpts
and ii) examining the performance of the pre-trained embed-
dings under differing fine-tuning setups.

Network Pre-Training: The best-performing label-agnostic
CVSM variant, CVSM-AH, relies on obtaining isolated source
excerpts through an external source separation model, as well
as combining real and artificial musical mixtures during pre-
training. Considering the recent advances in the field of music
source separation, we also pre-trained vocal similarity models,
namely MSCOL [23], CVSM-AH and CVSM-ART, using vocal
excerpts obtained from a more recent music source separation
framework, HT-Demucs [32], to investigate in which extent
they can contribute to improved model performance. We also
experimented with the ratio of artificial mixtures in each batch,
using the values p = {0.25,0.5,0.75}, since while the achieved
performance on vocal excerpts appears to improve for higher
values of p, downstream understanding tasks on musical mix-
tures seem to favor intermediate values of p. Moreover, since
artist identity information is not always easily obtainable, we
also pre-trained CVSM models with smaller percentages of
audio samples with artist identity information (by making an
appropriately sized portion of artist identities available), treating
the rest of the audio segments as unlabeled.

The results of the various models, pre-trained through vocal
excerpts obtained via HT-Demucs [32], in the tasks of artist
identification (Acc., %) and artist similarity (EER, MNR) are
reported in Table III — top for musical mixtures, bottom for
isolated vocals. Our primary observation is that the relative
ordering of the compared models is mostly independent of the
separation backbone utilized. In more detail, both label-agnostic
and label-informed CVSM variants outperform MSCOL [23],
with the label-informed variant retaining its performance advan-
tage. The improved separation backbone does, indeed, lead to a
boost in downstream performance; we note, however, that it is
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Fig. 3.  Performance on artist identification (left) and artist similarity (right),
depending on the proportion of artificial mixtures used during pre-training.
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Fig. 4. Performance on the task of artist similarity, in terms of EER (left)

and MNR (right), depending on the proportion of excerpts with available artist
information used during network pre-training.

more consistent for direct artist similarity modeling compared
to artist identification.

In Fig. 3, we display the results in the artist identification
(Acc. (%), left) and artist similarity (MNR, right) tasks, for
both mixture and vocal input, depending on the proportion of
artificial mixtures, p, used for pre-training. We observe that for
artist identification, the best performance for mixture input is
achieved for equal proportions of real and artificial mixtures,
p = 0.5, whereas vocal performance improves upon increasing
the amount of artificial data, indicating that artificial mixtures
successfully disentangle vocal attributes, at the cost of generaliz-
ing to real mixtures. On the other hand, for artist similarity, the
performance appears less dependent on the exact pre-training
protocol, especially for vocal input, where the only underper-
forming variant corresponds to p = 0 (MSCOL [23]).

Finally, regarding the proportion of audio excerpts with
known artist identity during pre-training, we present the re-
sults for the artist similarity task (since it was the downstream
task with the largest differential between label-informed and
label-agnostic methods), in terms of EER and MNR, in Fig. 4.
The results reveal that there is a gradual improvement for both
metrics upon increasing the amount of artist-labeled data, re-
gardless of whether the similarity task is performed on musical
mixtures (blue line) or isolated vocals (orange dashed line).
Interestingly, even a small proportion (10%) of artist-labeled
data contributes to approximately half of the performance
differential between the label-agnostic (CVSM-AH) and fully
label-informed (CVSM-ART) methods, indicating the suitabil-
ity of our approach even in label-scarce settings.

Downstream Fine-Tuning: The results presented on Sec-
tion V-A. were obtained, assuming the availability of song
clips of sufficient length (30 sec). However, in practice (i.e. for
real-time applications), successfully inferring information from
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Fig. 5. Performance on the tasks of artist identification (left) and gender
identification (right), depending on the input length (in sec).

shorter audio segments is also necessary. To this end, we exper-
imented with varying the clip length used for aggregating the
per-excerpt predictions into a single one. In addition to the above,
we investigated the performance of the embeddings CVSM
generates under a low-resource setup, as is common practice
in the literature [51], [53]. For this purpose, we re-trained linear
classifiers on top of the frozen encoders in the task of artist
identification, using the same artist splits as in the previous
experiments, but with a decreased portion of data available for
training and validation. Note that throughout these experiments,
we mainly want to compare contrastively pre-trained models that
integrate vocal information in their training scheme; as such, we
exclude MERT [34], MULE [35] and COLA-ART [25] from
those, keeping COLA [19] as a baseline reference. We also omit
results for the CVSM-AF variant, since it exhibited a similar
trend to CVSM-AH.

The performance of CVSM embeddings of different origins,
aggregated through various clip durations is visualized in Fig. 5,
for mixture inputs and the tasks of artist (left) and gender (right)
identification. In both tasks, aggregation of the per-excerpt
scores for longer inputs leads to higher performance in the artist
identification task, as it stabilizes network predictions. However,
we observe that the performance of all variants does not rise
consistently in relation to the excerpt length. In more detail,
in the task of artist identification, the embeddings obtained
from CVSM-A record lower identification performance than the
COLA embeddings obtained without any vocal exposure, when
subjected to single excerpts (1 sec. duration). On the other hand,
aggregating embeddings from a successively larger amount of
excerpts yields significantly better performance than COLA,
even improving over MSCOL and approaching CVSM-AH. We
hypothesize that this is related to the more informative, yet “nois-
ier” latent space of CVSM-A, since it has not encountered any
real mixtures during pre-training. A similar trend can be deduced
for the task of gender identification; while the CVSM-A embed-
dings, obtained prior to in-domain finetuning, record the best
scores among label-agnostic models after prediction aggrega-
tion, their relative performance to both MSCOL and CVSM-AH
drops when reducing the duration of available audio, reaching
a negative difference of -1.5% for 1 sec. excerpts. Finally, the
performance advantage of the embeddings obtained via artist-
informed pre-training, CVSM-ART, is consistent throughout all
clip lengths; in fact, its gap to label-agnostic models in artist
identification is larger for shorter inputs, reaching approximately
3% for 1 sec excerpts.
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Fig. 6. Frozen embedding performance on the task of artist identification,

subject to a reduced data regime, for mixture (left) or vocal (right) input.

For the low-resource experiments, the results are visualized
in Fig. 6, for both mixture input (left) or isolated vocals (right).
In both cases, we observe that while for an adequate amount
of available data the gap between CVSM-ART and the label-
agnostic CVSM variants remains close, CVSM-ART performs
significantly better under low-resource settings; this result is
aligned with the higher effectiveness of CVSM-ART in the artist
similarity task. Interestingly, among label-agnostic models, the
performance gap between MSCOL and CVSM tends to decrease
for smaller data percentages, suggesting that the dilution of the
latent space with artificial examples requires a higher amount
of labeled examples to unlock its performance advantage. A
possible explanation for this could lie in the lack of musicality in
the generated examples (since they are formed by random vocal-
accompaniment superimposition), which could be potentially
resolved through appropriate multi-track sampling for mixture
generation [62], [79].

C. Latent Space Visualizations

To visualize the extent CVSM manages to effectively create
a latent space with disentangled singer attributes, we plot the
T-SNE [80] projections of the clipwise average embeddings of
complete musical mixtures (probed from the encoder’s output
layer), for a subset of the Music4All validation split, conditioned
on either the gender of the singer, or the artist identity. To
measure the quality of the generated clusters, we measure the
per-cluster average silhouette score [81] as well as the per-cluster
average ratio between the mean intra-cluster and the mean
inter-cluster distances, averaged across 5 T-SNE runs, for
MSCOL, CVSM-A, CVSM-AH and CVSM-ART.

In Fig. 7, we display the results for the case of gender labels,
with clips corresponding to male singers displayed in blue dots,
while those of female singers colored in orange. We observe
that there is high overlap between male and female voices for
MSCOL, suggesting that external factors, such as a song’s tempo
or instrumentation, are influencing the structure of the learned la-
tent space. On the other hand, for CVSM-A and CVSM-AH, the
male- and female-voiced clips occupy slightly more segregated
areas in the T-SNE plot. This distinction is equally discernible
for CVSM-AH (bottom left), indicating that despite exposure
to contrastive pairs sampled from the same song, the learned
latent space retains vocal-specific properties. However, none of
the label-agnostic models create separate clusters between male
and female voices, which we attribute to the absence of explicit
supervisory signals. This distinction is a bit more visible for the
label-informed method, resulting in a slightly more structured
latent space. In addition, despite a relatively clear (with minimal

2733

MSCOL R=0.082 S=0.065 CVSM-A R=0.192 S=0.165

20

10

-10

-20

-30 -20 -10 0 10 20 -30 -20 -10 0 10 20

CVSM-AH R=0.162 5=0.118

CVSM-ART R=0.301 5=0.267
30 . -

20

10

201

=30
-30 -20 -10 0 10 20 30 =20 -10 0 10 20

Fig. 7. T-SNE projections of clip-wise average embeddings from various
models; blue dots correspond to male singers, orange to female.

MSCOL R=0.243 S=-0.01

CVSM-A R=0.308 S=0.002

20 -
oo $ 15 ., .
. .o
15 v g o . 1 Loas ah -
10 . . o i
50 o "¢ o -
. @ fe N 0 0
01 * . v
K3 oot =5
—51 ,% . 3 LA
. A . —~10 $ o
-10 0 L
-l -15 .
-15
¢ -20
-20 -10 0 10 20 -20 -10 0 10 20

30
“
2 . 20 o
.2 K2 .
LR . 10 “ee
10 R . ..
- .': .
L. 01 .. %08 <
0 oty N
-t -10 .
-10{ =°» o
.. . ot <
20 sl -20 ol en
. .
-20 -10 0 10 -10 0 10

Fig. 8. T-SNE projections of clip-wise average embeddings from various
models; dots of the same color correspond to the same artist.

overlap) border between the two clusters, no separate areas are
formed in the T-SNE plot. Sub-clusters may also appear, such
as the small encircled male-majority area in the bottom left of
the CVSM-ART plot (bottom right).

Similarly, in Fig. 8, we present the embedding T-SNE pro-
jections with respect to the artist identity of the input audio
(differently colored dots correspond to different artists), with
the same model correspondence as in Fig. 7. Among the various
models, we observe that again, the one pre-trained with the
artist-informed protocol achieves the best distinction among
artist classes, with some of those occupying distinct subspaces in
the T-SNE plot. These results are consistent with those in artist
similarity, wherein models utilizing artist identity labels during
pre-training yielded much better scores. Among label-agnostic
models, the performance achieved is relatively similar, with the
largest separation achieved in the case of CVSM-AH; however,
the computed metrics are significantly lower than the ones
yielded by label-informed models. For the rest of the label-
agnostic models, we generally observe higher overlap between
different artist classes.
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Pairwise comparison results between the models evaluated on the listening test, regarding overall similarity between musical mixtures (left), vocal

similarity between musical mixtures (center) and similarity between isolated vocals (right); the overall scores for each model (in terms of both wins/losses and

Bradley-Terry scores) are displayed in parentheses at the left of each row.

VI. SUBJECTIVE EVALUATION

Experimental Protocol: To further validate these results, we
also assessed the ability of CVSM to model vocal attributes
through a subjective listening test. In more detail, we probed
the latent space of each network and retrieved, by means of
cosine similarity, the most similar musical piece to a given query.
Then, participants were presented with pairs of retrieved musical
pieces from different networks, along with the query, and tasked
with responding to the following questions:

® QOverall Similarity: Which of the two retrieved musical

pieces is more similar to the initial query in terms of overall
musicality (encompassing timbral similarity, rhythmic
similarity, and general feeling)?

® Vocal Similarity: Which of the two retrieved pieces is more

similar to the initial query regarding the vocals?

In total, 37 people took part in the survey, recruited through
our social circles, work environments, and community mailing
lists, and informed about the survey’s purpose and procedure
prior to their participation; no data were recorded apart from
the anonymized demographics and the questionnaire responses.
The participants (23 male, 13 female, 1 other) had an average
age of 30.92 years (& 6.10 years), and were generally familiar
with artificial intelligence and its applications (4.16 £ 0.94 in
a 5-point Likert scale). Despite this familiarity and the positive
relationship of the participants with music (81.08% of the partic-
ipants responded to be listening to music daily), their familiarity
with music recommender systems was highly variant (3.30 £
1.27 in a 5-point Likert scale).

During the listening test, pairwise comparisons were con-
ducted between two randomly selected models. The model pool
consisted of all models presented in. Table I, with the exceptions
of CVSM-AF and MULE [35]. Each participant was presented
with a total of N = 20 different triplets (10 of complete musical
mixtures and 10 of isolated vocals), sampled randomly, for each
participant, out of an initial pool of M = 500 queries, each of a
15 sec duration. Instances where the same song was retrieved by
the selected models were mostly excluded,’ with the exception
of a few cases which were left in the study as controls. To assess
the performance of all individual models whilst simultaneously
avoiding concerns about multiple comparisons, apart from direct

3Since the probability of two models retrieving the same recommendation for
a given query is not uniform across all models, not all inter-model comparisons
were conducted with the same frequency.

model comparison scores, we also report the Bradley-Terry
score [82] for each model, as computed from the respective
pair-wise winrates after 10 algorithm iterations. Statistical sig-
nificance compared to random model choice (i.e, with the null
hypothesis, Hy, being that the observed Bradley-Terry scores
occur from random comparisons) was computed by estimating
the Bradley-Terry score probability distribution. To do so, we
performed 10,000 inter-model comparison simulations, follow-
ing the settings of the respective comparison matrix (7 models
in total, and equal number of total model comparisons).

Results and Discussion: The complete results of the pairwise

comparisons conducted during the listening tests are portrayed
inFig. 9. The two subfigures on the left and the center correspond
to the perceived similarity between complete musical mixtures
(the left one regarding the overall similarity, and the center one
on the vocal similarity), while the right one on the respective
results on isolated vocals. Each row and column on the heatmap
corresponds to a different model, with the percentage displayed
in each cell denoting the winrate of the model in its row against
the model in its column; the overall score for each model (both
in terms of wins/losses and overall Bradley-Terry score) is
displayed in parentheses at the left of each row. From the results,
we observe the following:

® In general, models with artist identity information during
pre-training appear to outperform their identity-agnostic
counterparts in detecting similarity in musical mixtures.
This is apparent from the positive overall winrates for
both CVSM-ART and COLA-ART models; in the case of
CVSM-ART, the achieved scores (52/26 overall similarity
and 42/24 vocal similarity, with no pairwise comparisons
involving it not favoring it) supersede random chance at
the p < 0.05 statistical significance level (p = 0.005 for
musical mixtures and p = 0.012 for isolated vocals).

e The label-agnostic models, while mostly lagging behind
the label-informed ones, display slight deviations depend-
ing on whether the target similarity concerns the overall
properties of the musical piece, or just the vocals. In
more detail, CVSM-A performs the worse among all con-
trastively pre-trained models in modeling overall similar-
ity, whereas surprisingly, COLA [19] yields the best results
amongst all label-agnostic models. On the other hand,
CVSM-AH outperforms all other label-agnostic models
on vocal similarity, with the rest of the contrastive mod-
els (COLA [19], MSCOL [23], and CVSM-A) yielding
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effectively similar results. The performance of COLA [19]
in overall similarity, compared to models that incorporate
vocals into their training pipeline, implies that vocal simi-
larity modeling “sacrifices” perceptually important instru-
mental information. Conversely, the relative improvement
achieved by both CVSM-A and CVSM-AH in vocal simi-
larity modeling, compared to the overall one, suggests that
the proposed pre-training scheme with artificial mixtures
partially succeeds in creating a latent space with perceptu-
ally important vocal information. We note, however, that
none of the overall Bradley-Terry scores are significantly
different to random chance.

e In the case where the query and the retrieved pieces
consist of isolated vocals, the results of the user study
largely coincide with those obtained from evaluating
vocal similarity in complete musical mixtures. In par-
ticular, COLA-ART among label-informed models and
CVSM-AH among label-agnostic ones exhibit the best per-
formance — for the case of CVSM-AH, this improvement
yields a statistical significance score of p = 0.003; with the
exception of CVSM-ART, other contrastive models display
performance close to random chance.

e The aforementioned results remain mostly robust when
controlling on the music listening frequency of the par-
ticipants. Considering only the subset of users (30) who
reported to be listening to music daily, when evaluated on
musical mixtures, CVSM-ART achieves the highest overall
Bradley-Terry scores (1.38 on overall similarity and 1.49
on vocal similarity), while MSCOL (1.23)/COLA (1.22)
and CVSM-AH (1.49) lead among label-agnostic models
on overall and vocal similarity respectively. For the case
of vocal similarity on isolated vocals, CVSM-AH (2.07)
recorded the highest overall Bradley-Terry score.

¢ Finally, under both examined scenarios, all contrastive
models outperform MERT [34], indicating that contrastive
pre-training paradigms might be more suitable for similar-
ity modeling and retrieval applications.

As we have mentioned, the subjective test uses primarily
sample triplets where the compared models provide differ-
ent recommendations, mostly excluding the instances where
a model pair retrieves the same recommendation. Thus, as an
additional similarity measure across the various models, we
calculated the percentage of instances among the query set
where the same recommendation is obtained for each model
pair. These similarities are depicted, in heatmap format, in
Fig. 10, where each row and each column corresponds to a
different model; the left heatmap presents the similarities for
mixture input, the right heatmap on isolated vocals. We note that
under both settings, the highest similarity to the CVSM-ART
model, which demonstrated consistent performance in both
evaluation setups, is achieved by CVSM-AH, followed by
MSCOL [23]. This suggests that enriching an unlabeled pre-
training dataset with artificial mixtures of vocals and accom-
paniment may contribute in approximating the latent space of
a label-informed model. Interestingly, while CVSM-A shares a
relatively small portion of recommendations with the other mod-
els for mixture input, presumably due to the lack of exposure
in real musical mixtures, its similarity with CVSM-AH in the
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Fig. 10.  Pairwise comparison of the recommendations given by the evaluated
models, among the queries presented in the subjective test; higher values
correspond to higher recommendation similarity.

case of vocal input is particularly high, with the two models
retrieving the same recommendation in 64% of the input queries.
Finally, we observe that in both cases, MERT [34] yields the
lower number of shared recommendations across all models,
presumably due to the different training scheme followed in [34],
not involving contrastive losses, as well as the larger excerpt
length used for pre-training [34].

VII. CONCLUSION

In this work, we explored the applicability of contrastive
learning into learning representations of musical audio with
respect to attributes of the singing voice, and presented CVSM,
a framework that learns such representations by maximizing
the similarity between musical mixtures and vocal excerpts.
We devised both a label-informed pre-training scheme, which
leverages artist labels during contrastive pair sampling, and a
label-agnostic protocol based on generating artificial mixtures
through superimposing isolated vocals and randomized instru-
mental accompaniment. Our results, validated both through
linear probing on downstream tasks encapsulating aspects of
vocal similarity and a user study, suggest that the proposed
method is effective in conveying vocal similarity, performing
at least comparably to the respective (pending on artist label
availability during pre-training) baselines. We also note that
while the label-informed scheme exhibited more consistent per-
formance across both downstream testing and the user study, a
hybrid, label-agnostic pre-training scheme with a combination
of real and artificial musical mixtures performed competitively
to it both in the artist identification task and in perceived vocal
similarity. This work contributes in paving the way towards
modeling musical similarity with respect to particular sources,
or other fine-grained musical attributes.

Since the obtained results indicate that identity-informed
pre-training leads to more consistent downstream performance
and similarity modeling, additional work should be carried out
towards bridging the gap between label-informed and label-
agnostic protocols, by incorporating an identity estimation step
during contrastive sampling. Moreover, artificial mixture inte-
gration into label-informed pre-training should be further inves-
tigated, since our preliminary experiments (not reported here)
yielded a performance drop in downstream testing. Finally, it
would be interesting to adapt the proposed strategy in other mu-
sic information retrieval tasks involving frame-wise information
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from vocals, such as automatic lyrics transcription [ 10] and vocal
fundamental frequency estimation [83].
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