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INTELLIGENCE

IMPROVING QUALITY OF MUSIC SOURCE SEPARATION IN CONSTRAINED
AND CORRUPTED TRAINING DATA SETTING USING LOSS MASKING

This work aims to explore the efficiency of the loss masking strategy for training deep music source separation
models in a setting where training data is corrupted, specifically with bleeding artefacts. A soft loss masking training
strategy, which assigns weights to batch loss values inversely proportional to their magnitude, is proposed and compared
to hard loss masking, where weights are computed as binary masks based on whether the loss function value exceeds a
certain threshold. An investigation is conducted to determine whether a soft loss masking approach yields better results
than hard masking in settings with low training data availability. Results indicate that, under constrained training data
conditions with bleeding artefacts, the soft masking approach outperforms the hard loss masking method, specifically
for the vocal source. Alongside, the evaluation strategy based on neural network approximation of the MUSHRA score
is presented to account for both subjective and objective components of the music source separation system quality
evaluation.

MUSIC SOURCE SEPARATION, LOSS MASKING, PERCEPTUAL QUALITY ASSESSMENT, SIGNAL
PROCESSING, MACHINE LEARNING, NEURAL NETWORKS

M. C. Monactupcbkuii. [TokpaneHHs: SKOCTi po3/iJieHHs: My3UYHMX CUTHAJIB B YMOBAX HAsIBHOCTI apTe(akTiB Ta
00MeKeHOI KiJIbKOCTi TPeHyBaJbHHX JAHUX 3 BUKOPUCTAHHAM MacKyBanHs ¢yHKuii BTpat. B rmoTouHiit po6oti mociti-
JIKYETbCS €(hEeKTUBHICTh BUKOPUCTAHHS MiIXOAY MacKyBaHHs (DyHKIIil BTpAT JJi1 TPEHYBaHHS MOJIEJIE PO3ALIEHHS
MYy3UYHUX CUTHAJIIB B yMOBaX HAasSIBHOCTI MOXMOOK B MaHUX, 30KpeMa apTredakTiB mepeTikaHHs. [IpomoHyeThes
cTpaTerisi M’ SIKOTO MacKyBaHHST (DYHKIIii BTpaT, CyTh SIKOT MOJISATA€ B TIPUCBOEHHI Bar 3Ha4eHHSIM (yHKIIiT BTpaT y
0atyi 0O0EpHEHO MPOMOPLIMNHO 10 IXHbOI BEJIMUMHU, i MOPIBHIOETHCS 3 IMiAXOA0M XKOPCTKOrO MacKyBaHHS, e Baru
00YMCITIOIOTHCS SIK OiHApHI MACKM HAa OCHOBI TOTO, UM TMEePEeBUILIYE 3HAYCHHS (DYHKILiT BTpaT MeBHUIA TOPOTOBUI Pi-
BeHb. [IpoBOAUTBCS TOCHIIKEHHS 11100 TOTO, YU AA€ MiIXiA M SIKOro MacKyBaHHs (PYHKIIi1 BTpaT Kpalli pe3yJbTaTi
TTOPIiBHSTHO 3 KOPCTKMM MAacCKYBaHHSIM B YMOBaX OOMEXeHOI KiJTbKOCTI TOCTYITHUX HAaBYAJIbHUX MaHUX. Pesynsratu
3aCBiIUYIOTh, IO B YMOBaX 00OMEXEHOI KiJIbKOCTI TpeHYBaJIbHUX JaHUX, 32 YMOBU HAsIBHOCTI B HMX apTe(akTiB Tie-
peTiKaHHSI, TiAXia M’IKOro MacKyBaHHs AO3BOJISIE OTPUMATH Kpallli pe3yIbTaTh 3a MiAXil XKOPCTKOrOo MacKyBaHHS
30KpeMa JUIsl BAOKpeMJIeHHs Bokasly. [1poroHyeThesl TaKOXK METO/ OLIHKM pe3y/abTaTiB PO3AiIeHHsSI 3aCHOBaHUI Ha
anpokcumalitii metpuku MUSHRA 3 BUKOpUCTaHHSIM HEMPOHHOT Mepexi, 3a/U1s1 BpaXyBaHHS sIK 00’ €KTUBHOI TaK i
Cy0’€KTUBHOI KOMIIOHEHTHU OLIIHKU SIKOCTi PO3/IiJIEHHS] CUTHAJIIB CUCTEMOIO.

PO3AITEHHS MY3UUYHUX CUTHAJTIB, MACKYBAHHS ®YHKIIIT BTPAT, OLITHKA CITPUMMAHO{
SAKOCTI, OBPOEKA CUTHAJIIB, MAIIMHHE HABUAHHS, HEMPOHHI MEPEXI

Introduction

The last edition of the music track of the Sound De-
mixing Challenge featured two tasks for training source
separation models in the corrupted data setting. The pos-
sible errors in the training data included label noise, where
labels were incorrectly assigned to corresponding sources,
and bleeding, where the sound of one source appears on the
track of another source at a lower level [1]. The submissions
to the music demixing track of SDX23 must have utilized
the respective internal Moises datasets, which comprise
203 full songs for both error types. On the other hand, the
transferability of the loss masking approach — which was
the winning method on both leaderboards — to training

ing data in the domain and the high demands to the quality
of the source separation system output to be able to make
use of the separation results in downstream tasks such as
remixing. Seemingly, the presence of such artefacts in the
training data limits the performance of the model trained on
such data to the level of corruption in the training samples.

Thus, the main questions addressed in this work are as
follows: Is the loss masking strategy effective for improving
the quality of outputs produced by deep neural networks
trained on large, open-source community datasets that
frequently contain bleeding artefacts? Can we use loss
masking to train models when manual data cleaning is not
possible — or not feasible — and still obtain better results
than without it?

music source separation models with open-source com-
munity datasets such as MUSDBI18 [2], Slakh2100 [3],
and MoisesDB [4] — which are widely used in the literature
as baselines for evaluating novel architectures — has not
been thoroughly investigated. At the same time, bleeding
artifacts are commonly found in these data sources, which
requires the training method that will be robust to these
errors mainly due to relatively low availability of the train-
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To address these questions, an evaluation is conducted
using the TFC-TDF-UNet v3 model trained on the
MUSDBI18 dataset with a loss masking strategy and com-
pared against the same architecture trained with a standard
mean-squared error objective. Performance is assessed using
both the objective SDR metric and a subjective quality esti-
mate based on the MUSHRA protocol. MUSHRA scores
are approximated using the NISQA convolutional neural
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network, which has been trained on a dataset that contains
the SiISEC18 MUSHRA ratings. In addition, the soft loss
masking approach is introduced and evaluated. The effect of
training dataset size on model performance is examined by
training the TFC-TDF-UNet v3 model with loss masking
on subsets of the MUSDBI8 training set comprising 25%,
50%, and 75% of the original samples.

The contributions of this work are as follows:

— An investigation into the applicability of the loss
masking approach for training deep learning models on
datasets affected by bleeding artefacts, within widely used
open-source benchmarks in the music source separation
domain.

— A soft loss masking training strategy is introduced,
derived from the hard masking method described by [5].
This strategy assigns weights to batch loss values inversely
proportional to their magnitude. Its impact on training
performance is assessed in both full and limited data avail-
ability scenarios.

— Evaluation of trained models is extended to include
subjective audio quality assessment using the MUSHRA
metric. To approximate MUSHRA scores, a NISQA neural
network is trained on SiISEC18 MUSHRA ratings and ap-
plied to the model outputs.

The structure of this work is as follows: Section 1
provides a brief overview of related research. Section 2
introduces the evaluation methodology, along with a sum-
mary of the key concepts and components used in the study.
Section 3 presents experimental results and corresponding
discussion. Finally, Section 4 concludes the work and out-
lines potential directions for future research.

1. Background and Related Work

The quality of the music source separation systems in a
corrupted training data setting is usually improved by either
developing new architectural approaches, manually clean-
ing the training data or — if the above two is not possible or
not feasible in a given setting — developing new training or
post-processing methods and strategies that are providing
the ability to make most of the given architectural or data
constraints.

For example, [6] investigated the impact of various
data augmentations and ensembling strategies on source
separation, specifically in the music signals domain. Later
works, such as [7], focus on explaining the benefits of using
specific augmentations, including random mixing. There
are also works focusing on different parts of the separation
systems. For example, [8] investigates the impact of using
loss functions alternative to mean-squared error for training
deep music source separation models.

[1] proposed the development of source separation
methods robust to training data artefacts such as bleed-
ing and label noise, as part of the SDX23 challenge. This
initiative aimed to bridge the gap between the idealized
source separation scenario, commonly assumed in aca-

demic research, where input data is considered clean, and
real-world conditions, where training data is often noisy
or corrupted. In the music demixing track of SDX23, par-
ticipants were required to utilize internal Moises datasets
that were deliberately corrupted with such artefacts. The
corruption was designed to be resistant to manual cleaning,
thereby compelling participants to devise training methods
inherently robust to label noise and bleeding.

This work primarily builds upon the approach proposed
by [5], which introduced a loss masking strategy for training
source separation models — specifically the TFC-TDF-
UNet v3 architecture — under conditions of corrupted
data. This method achieved top performance in both the
label noise and bleeding leaderboards of the music track of
the SDX23 challenge. The current study investigates the
transferability of this strategy to widely used open-source
datasets, which frequently contain bleeding artefacts. Ad-
ditionally, a soft loss masking approach is introduced, and an
ablation study is conducted to assess the impact of training
dataset size on the performance of models trained with the
loss masking strategy.

An essential aspect of improving the quality of models
trained on datasets containing artefacts such as bleeding
is the measurement of such improvements. The Signal-
to-Distortion Ratio (SDR) metric is commonly used for
this purpose [9, 10]. [11] evaluated various perceptually
motivated objective measures, derived from subjective audio
quality assessment frameworks, and analyzed their corre-
lation with actual human perceptual scores. A similar ap-
proach is adopted in this study to account for the subjective
quality of the models’ outputs. Specifically, a neural network
is trained on a subset of MUSHRA ratings to approximate
subjective scores and then used to evaluate the performance
of the trained models.

2. Method

The TFC-TDF-UNet v3 architecture [ 5] was employed
for the experiments. This model is the third iteration of
the TFC-TDF-UNet architecture [12, 13]. It consists of
a series of blocks where Time-Frequency Convolutions
(TFC) are followed by Time-Distributed Fully connected
(TDF) layers. It was initially employed by [12] for singing
voice separation. It showed promising results, motivating
the development of the v2 model that was used in the
KUIELab-MDX-Net method that won the MDX21 chal-
lenge [14].

Specifically, this architecture is discriminative and
trained to estimate source waveforms directly from a mixture
waveform as input. However, it operates primarily in the
spectrogram domain — specifically using complex-valued
spectrograms in a CaC (Complex as Channels) manner,
where both the imaginary and real-valued parts of the spec-
trogram are used as separate real-valued channels — and
utilizes STFT and iSTFT as intermediate, non-trainable
steps to transition between signal representations.
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In this work, three models are trained on the MUSDBI18
training set, each utilizing a different loss function: mean-
squared error loss, hard masking loss, and soft masking loss.
Hyperparameters from the original model configuration
are retained, and training is conducted on the complete
MUSDBIS8 training set comprising 100 full songs. Evalua-
tion is performed on the MUSDBI 8 test set, which contains
50 songs. All source and mixture signals used for training
and evaluation are represented as stereophonic (2-channel)
signals at a sampling rate of 44.1 kHz. All models reported
in this paper were trained on a single NVIDIA Tesla T4
GPU. Key entities relevant to the experimental setup —
such as soft masking loss, MUSHRA score and NISQA
model — are introduced further.

The concept of loss masking involves multiplying
loss values, computed between the model output and the
actual source signal during training, by a binary mask
m; €{0,1},i=1..N , where m;, is the i-th element of the
mask, and N denotes either the batch or time dimen-
sion. The authors in [5] apply loss masking along the batch
dimension to address label noise artefacts (entire batches
with high loss values are completely discarded from train-
ing) and along the time dimension to address bleeding
artefacts (signal entries with high loss values are masked).
This training procedure will be referred to throughout the
rest of the paper as the hard-masking approach.

Applying hard masking loss results in ignoring a portion
of the training data (approximately 50% in the MUSDB18
dataset, specifically regarding time dimension masking),
which may be critical in scenarios with limited data avail-
ability. To address this, in addition to hard masking and
standard mean-squared error loss, the soft masking loss
training approach is explored. In this method, instead of
applying hard masks, soft masks are utilized by weighting loss
values — specifically along the time dimension — inversely
proportional to their magnitude, i.e. m, €[0,1],i=1..N
, therefore enabling gradient updates from all available
training data while retaining suppression capability for the
corrupted samples. The impact of the soft masking loss
training strategy in a limited training data setting is further
discussed in Section 3.

MUSHRA (short for Multiple Stimuli with Hidden
Reference and Anchor) is a method for conducting listen-
ing tests to evaluate the perceived quality of audio signals,
widely employed in the audio industry to assess the perceived
quality of audio coding algorithms [15]. It follows a specific
set of standardised rules for gathering test signals, selecting
assessors for the test, conducting the test, and evaluating
its results. During the test, listeners are presented with the
reference signal and a set of test signals that have been
modified according to predefined conditions. The main
characteristic of the test is that these test signals contain a
hidden reference signal and two anchors, usually 3.5 and 7
kHz low-pass versions of the reference signal. Additionally,
the participants are exposed to all test signals simultane-
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ously. This methodology helps to calibrate the scores and
detect inconsistencies in grading. It also helps to achieve
statistically significant results with fewer participants in-
volved in a test.

The MUSHRA score is measured on a scale of 0-100,
which is broken into five major quality categories: Bad
(0-20), Poor (20-40), Fair (40-60), Good (60-80), and
Excellent (80-100). The 0-100 MUSHRA scale offers the
advantage of more fine-grained scoring compared to the
Absolute Category Rating (ACR) scale, which is used in
the Mean Opinion Score (MOS) measure, where audio
quality is rated on a scale of 1 to 5.

The quality of the outputs produced by a source
separation model is often assessed using either objective
or subjective quality measures. A de facto standard for ob-
jective evaluation throughout the music source separation
literature is the Signal-to-Distortion Ratio (SDR) metric.
It is commonly reported alongside related measures such
as the Signal-to-Interference Ratio (SIR) and the Signal-
to-Artefact Ratio (SAR). Scale-invariant (SI) variants of
these three metrics (SI-SDR, SI-SIR, SI-SAR) are also
widely used due to their invariance to the scale of the signal
magnitude, while penalizing other errors. This prevents
overly optimistic estimations that might otherwise arise
from invariance to filtering and misalignment [10].

In this work, the SDR metric is reported for all experi-
ments as the primary objective quality measure. SDR values
reported here are computed using the museval toolkit [16]
implementation, which follows the definition provided
in [9], i.e.:

2

s
target
SDR=10log,, > (1
einteif + em)ise + eartif ||
where e, €, and e,, are interferences, noise and

artefacts error terms, respectively, and are defined accor-
ding to [9].

To evaluate the perceptual quality of the outputs
produced by the described models, MUSHRA scores are
approximated by fine-tuning a reference-free audio qua-
lity prediction model proposed by [17]. Specifically, the
NISQA model — a CNN-attention-based deep architec-
ture pre-trained on the NISQA corpus, which comprises
81 datasets of crowdsourced Mean Opinion Score (MOS)
ratings primarily derived from the results of various listen-
ing tests — is adapted for this purpose. The model employs
a convolutional backbone combined with attention-based
temporal pooling to estimate the MOS in a reference-free
setting, i.e., without requiring a clean reference signal.

As the original NISQA model was not pre-trained
on musical data, it is fine-tuned to estimate MUSHRA
scores using the SiSEC18 corpus [16], which contains
crowd-sourced MUSHRA ratings for music signals. Due
to the limited size of the dataset — only 148 examples after
averaging ratings across listeners — a 6-fold cross-validation
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approach is used. The dataset is randomly divided into six
subsets, and six models are trained, with each fold serving
as the validation set once, while the remaining data is used
for training. During inference, the predictions from all
six models are averaged to maximize the use of the entire
dataset.

Only the final fully connected layer of the model is fine-
tuned. The learning rate is set to 0.001 with a batch size of
16, and learning rate annealing is applied by a factor of 0.1
if the validation RMSE does not improve for five consecu-
tive epochs. Training is performed for up to 150 epochs,
with early stopping applied using a patience of 20 epochs.

3. Results

The results of the evaluation are presented in Tables 1
and 2. For both SDR and MUSHRA metrics, higher values
indicate better performance.

Table 1
Evaluation results (SDR)
Instrument MSE Soft mask Hard mask
Vocals 6,64+2,66 7,87+2,99 8,11£3,03
Bass 5,1243,20 5,99+£3,53 5,97£3,54
Drums 6,85+2,47 7,65+£2,73 7,81+£2,63
Other 4,36+1,93 5,31£2,02 | 5,37%£2,07
Table 2
Evaluation results (MUSHRA)
Instrument MSE Soft mask Hard mask
Vocals 48,46+4,12 | 49,73+3,83 | 50,31%3,57
Bass 45,43+1,92 | 45,65£2,04 | 45,45+2,10
Drums 37,17£3,43 | 39,55+£3,21 | 39,12%3,37
Other 46,7314,12 | 46,66+4,48 | 47,05+4,64

Consequently, the proposed soft loss masking strategy is
hypothesized to replicate the behaviour of hard masking
while retaining access to more data, which is particularly
beneficial in scenarios with limited training resources. To
evaluate this hypothesis, an ablation study is conducted
to assess the performance of loss masking strategies under
constrained training data conditions, using both objective
and approximated subjective evaluation metrics.

Three models are trained for each of the two loss mask-
ing strategies — soft masking and hard masking — using
75%, 50%, and 25% subsets of the original MUSDBI18
training data, as described in the previous section. These
subsets are created by randomly excluding 25, 50, and 75
songs, respectively, from the MUSDBI8 training set. All
models are evaluated using the original test subset of the
MUSDBI18 dataset.

The results of the evaluation are presented in Tables 3-6.

Table 3
SDR metric for each training subset evaluated against each
instrument for models trained using soft loss masking objective

Instrument 75% 50% 25%
Vocals 7,88+3,02 7,89£3,17 7,7243,06
Bass 5,91£3,47 5,61+3,68 5,14%3,69
Drums 7,76+2,73 7,47+3,06 7,15£3,01
Other 5,30£1,93 5,13£2,17 | 4,85%2,05
Table 4

SDR metric for each training subset evaluated against each
instrument for models trained using hard loss masking objective

For the SDR metric, both hard and soft loss masking
approaches demonstrate substantial improvements — ap-
proximately 1 dB SDR across all instruments — compared
to the baseline MSE loss. The soft masking model performs
on par with the hard masking model in this regard.

A similar trend is observed in the MUSHRA-based
evaluation. Both hard and soft masking models show clear
improvements over the MSE baseline, particularly for vo-
cals and drum sources. For the remaining two sources, all
three models perform comparably in terms of estimated
subjective quality.

These results highlight the potential of the loss masking
approach to generalize well across open-source datasets,
which serve as standard benchmarks in the development
and evaluation of music source separation models. How-
ever, current work only considers the TFC-TDF-UNet
v3 architecture and the MUSDBI18 dataset, thus needing
further investigation into the impact of the loss masking
approach when training other model architectures using
data from different sources.

As previously discussed, the hard loss masking ap-
proach inherently discards a portion of the training data.

Instrument 75% 50% 25%
Vocals 7,96£3,03 7,88%3,10 7,61£3,29
Bass 5,89+3,61 5,65%+3,52 5,2313,67
Drums 7,74+2,93 7,5243,05 7,17£3,05
Other 5,2841,94 5,1842,11 | 4,83£2,08
Table 5

MUSHRA metric for each training subset evaluated against each
instrument for models trained using soft loss masking objective

Instrument 75% 50% 25%
Vocals 49,36+4,02 | 49,76%+3,74 | 50,23+3,28
Bass 45,73£1,95 | 45,15+2,15 | 45,45%1,77
Drums 38,58+3,50 | 38,78+3,33 | 39,34%3,56
Other 46,43+4,42 | 46,11£4,85 | 47,76%4,21
Table 6

MUSHRA metric for each training subset evaluated against each
instrument for models trained using hard loss masking objective

Instrument 75% 50% 25%
Vocals 49,52+3,73 | 50,09£3,50 | 50,19%3,16
Bass 45,4912,01 | 45,131£2,26 | 45,4412,34
Drums 38,66+3,49 | 38,68%3,16 | 39,27£3,51
Other 46,911+4,27 | 46,67£4,30 | 47,32+3,82
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In terms of the SDR metric, the soft mask model out-
performs the hard mask model on 75% subset of the train-
ing data across most sources, except for the vocals source.
Additionally, the soft mask model exhibits a lower standard
deviation, suggesting more consistent estimates across dif-
ferent tracks. Notably, for the vocals source, the soft mask
model surpasses the hard mask model when trained on 50%
and 25% of the data, with a margin of approximately 0.1 dB
SDR on the 25% subset. This result suggests the potential
of the soft masking approach for singing voice extraction
under conditions of limited training data and the presence
of bleeding artefacts in the training data. Overall, both soft
and hard masking models achieve comparable performance
across different training subset sizes, except for vocals at
75% and bass at 25%, where slight differences are observed.

An interesting observation is that the performance of
the soft masking model on the vocals source consistently
improves as the amount of available training data is reduced
— a trend not clearly observed for the other sources. One
possible explanation for this behaviour is the varying pres-
ence of bleeding artefacts across different instrument sources
within the test subset. However, verifying this hypothesis
would require auditory inspection of individual samples
from each instrument source in the test set.

Regarding the MUSHRA evaluation, the results across
different training subset sizes are mainly consistent with
those obtained using the whole training set. In many cases,
the differences in perceptual quality between the models fall
within the range of standard deviation, indicating marginal
variation. Notably, on the 25% training subset, the soft
mask model outperforms the hard mask model across all
instrument sources.

It is also worth noting that the SDR values for the
“other” source exhibit the lowest standard deviations across
all sources and models. In contrast, the approximated
MUSHRA metric for the “other” source consistently shows
the largest standard deviations across all model configura-
tions. One possible explanation is that, since the “other”
source encompasses all remaining instruments — whose
number and type usually vary across songs — the definition
of artefacts becomes less clear for this source. This, in turn,
may render the “other” source more “forgiving” to artefacts
regarding the SDR metric and yield less stable estimates in
terms of the approximated MUSHRA metric.

Overall, the findings presented in this section highlight
the potential of the soft masking approach when training
with limited or corrupted data. In particular, the soft mask
model achieves results that are not only superior to the
baseline but also comparable to, and in some cases better
than, the hard masking approach, especially in scenarios
where the training data includes bleeding artefacts.

Conclusions

The impact of the loss masking on training music
source separation models under limited data conditions —
particularly when the data includes artefacts such as “blee-
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ding” — was investigated. Evaluation is conducted using both
traditional objective metrics (SDR) and perceptual scores
(MUSHRA). Results indicate that the soft loss masking
approach can achieve performance comparable to hard
loss masking, while offering the advantage of incorporating
gradient updates from all training batches — an essential
consideration in low-data regimes.

While this study primarily focused on evaluating the
proposed soft loss masking approach using a single model
architecture (TFC-TDF-UNet v3) and a specific dataset
(MUSDBI18) a broader investigation of the method’s gen-
eralizability across alternative model architectures, such
as Conv-TasNet, Open-Unmix, or hybrid time-frequency
models was not undertaken due to constraints in time and
computational resources and thus remains a direction for
future research. Similarly, the impact of combining loss
masking with various base loss functions warrants further
exploration.

Additionally, while this work focuses on the MUSDB18
dataset, many publicly available music separation datasets
(e.g., Slakh2100, MoisesDB, and others) vary in terms of
source contents and the amount of artefacts present among
these sources. Extending the evaluation to these datasets
would provide further insight into the robustness and
transferability of the loss masking strategy across a broader
range of diverse data sources, including both real-world
and synthetic data.
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