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ABSTRACT

Over the past several years, significant progress has been made in Music Source Separation (MSS). From the vibration of musical instruments
to the audio signal present in a finalized recording, numerous factors come into play. These include the acoustic radiation of the instrument, the
movements associated with musical performance, the room’s response to a moving acoustic source, the microphone array configuration, and
the transformations applied during post-production. Due to the complexity and variability of these factors, establishing a new state-of-the-art
approach remains challenging. From this perspective, the objective of source separation is to design algorithms capable of virtually reversing
this entire chain of transformations and mixing processes in order to estimate the signal produced by each individual musical instrument.
This can be achieved by incorporating prior knowledge about both the structure of the source signals and the nature of the transformations
they have undergone. In this paper, we present a novel hybrid source separation pipeline that leverages CLAP-based Language-Queried
Audio Source Separation (CLASS-net) [[1] as a prior for initializing the Fast Multichannel Non-Negative Matrix Factorization (FastMNMF)
algorithm. Despite the complexity of the task, we demonstrate that the model can achieve respectable results compared to the state-of-the-art
methods. The separated audio samples, pictures of the record session and source code are available at : https://loguerci.github.

i0o/CLASS_website/

Index Terms— multi channel source separation, music information retrieval, data augmentation, sound recording

1. INTRODUCTION

In Blind Source Separation (BSS), the objective is to recover un-
observed source signals from an observed mixture. One of the main
challenges, particularly in multichannel recording scenarios, is to ac-
curately isolate and localize each individual source. A well-known
example of this problem arises in the recording of a musical or-
chestra, where multiple instruments, each corresponding to a distinct
source, are captured simultaneously. In such settings, the difficulty
of the separation task increases significantly depending on the acous-
tic characteristics of the room, as well as the number and spatial con-
figuration of the microphones. In recent years, substantial progress
has been achieved through deep learning—based approaches. Among
the most effective methods, detailed in Section[2] Rouard et al. intro-
duced the Hybrid Transformer Demucs model [2|], which achieves
remarkable performance. This architecture processes both the raw
waveform and its time—frequency representation, obtained via the
Short-Time Fourier Transform (STFT), in parallel. It is designed to
separate music mixtures into up to four stems (drums, bass, vocals,
and other), leveraging both temporal and spectral information for
improved separation quality. A major limitation of Demucs is that it
operates only on mono or stereo waveforms, meaning it can handle
at most two channels, and therefore does not explicitly exploit the
spatial information of individual sources. In other words, while it
outperforms many state-of-the-art approaches on instantaneous mix-
tures, it remains limited when dealing with acoustic mixtures, where
spatial cues play a crucial role. In such scenarios, more established
methods such as Multi-channel Non-negative Matrix Factorization
(MNMF) [3] remain highly competitive. However, deep learning
techniques can still be leveraged to mitigate some of the limitations
of MNMF. In particular, neural networks can be used to refine or
guide the separation process, a strategy commonly referred to as
speech enhancement.

We then present, as part of the ATIAM master’s program, our ap-
proach to separating a musical trio composed of a tenor saxophonist,

a violinist, and a pianist, recorded simultaneously in an IRCAM stu-
dio, as if each instrument had been captured independently, as shown
in Fig. [T}

Building on this recording setup, we propose a hybrid method
that combines a Language-Queried Audio Source Separation net-
work (operating on a mono channel) with the FastMNMEF algorithm.
In this framework, the neural network is used for prior initialization,
while FastMNMF performs the subsequent spatial reconstruction of
the sources. The LASS-net model [1] is a separation network that
extract a source from mixture based on a textual prompt, describing
the given source. In out approach, the text encoder that embed the
prompt has been replaced by a Constractive Language Audio Pre-
training model (CLAP), which will be detailed in Section[3] We also
perform a data augmentation based on the Slakh dataset [4] and our
sound recording to fine-tune our model.

2. RELATED WORK

2.1. Acoustic sound recording

The way sound is recorded is crucial for the post-production work-
flow. While the literature mainly focuses on how the recording
sounds to the listener, the physical properties of the microphone
setup, like coherence and directivity, determine the quality of the
signal. This quality is what makes subsequent processing, like
source separation, possible or not.

2.1.1. Stereo Techniques and Signal Correlation

Recording techniques can be divided into four main categories:
Coincident, Near-Coincident, Spaced, and Multi-microphone tech-
niques [5]. Coincident techniques, such as XY or MS (Mid-Side),
use intensity differences rather than time differences. As noted
in [5]], these setups produce a very stable stereo image where the
left and right channels are highly correlated. On the other hand,
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Fig. 1. Trio Pop music session

spaced techniques use time delays to capture a more diffuse sound
field. This makes the sound feel more “spacious,” but it also means
the signals are less correlated. also points out that the choice of
microphone directivity (for example, cardioid vs. omnidirectional)
changes the balance between the direct sound and the reverb. This
choice depends on the context, such as the size of the room or
whether the audio will be played back on headphones or loudspeak-
ers.

2.1.2. Multichannel Arrays: Localization vs. Envelopment

For recording orchestral music in immersive formats, [6]] compares
six different microphone arrays, including the DECCA Tree, 2L-
Cube, ESMA-3D, Triple-MS, and Square Antiprism. Using percep-
tion tests based on simulated recordings, the study highlights a clear
trade-off:

 Precision of Localization: The study found that the Square
Antiprism (which estimates second-order Ambisonics) and
the Triple-MS system gave the best localization. The au-
thors explain that this is because these coincident (or near-
coincident) arrays preserve strong correlation between the
channels and have stable Interaural Time Differences (ITD)
[6l.

* Envelopment: However, these coincident arrays did not
score as well on “Envelopment” (the feeling of being sur-
rounded by sound). Spaced arrays like the ESMA-3D per-
formed better here because they capture more non-frontal late
energy. This suggests that if you want precise localization,
you often lose some of the immersive room effect [[6].

2.1.3. Implications for Acquisition Strategies

The results in [[6] suggest that one single microphone array is not
enough to get everything right. The authors conclude that coincident
systems are great for localization, which fits well with object-based
audio, but they do not fully capture the “sense of space” of a real
performance. Therefore, the standard solution is a hybrid approach:
using a main array to define the general space, combined with spot
microphones to add precision and definition to specific instruments.

Even though these articles do not explicitly discuss BSS, their
findings are important for this project. The “Precision of Localiza-
tion” mentioned in [§] is a key factor: arrays that keep directional
cues clear (high localization) should theoretically be easier to pro-
cess with separation algorithms, whereas arrays that focus on envel-
opment might make separation harder due to the lack of correlation.

2.2. Source separation algorithm
2.2.1. Classical methods

Classical source separation methods are characterized by algorithms
adapted to explicit mixing setups and environmental models. One
of the most influential model-based approaches is Non-negative
Matrix Factorisation (NMF) introduced by Lee and Seung [7]. This
algorithm has proven highly effective in a single channel context,
but suffers from major limitations : this factorization assumes that
sources have distinct spectral characteristics and can be represented
as linear combinations of a limited number of spectral patterns. This
can be remedied in the multichannel context, with multi-channel
NMEF, which exploits spatial information gained from multiple non-
colocalized sources, in the form of covariance across channels. The
spatial covariance for each basis encodes the mixing characteris-
tics, while the NMF component models spectral content. Févotte
et al. [3] introduced a multichannel Gaussian model in which each
NMEF component is associated with a spatial covariance matrix and
derived update rules using Itakura-Saito divergence. Experiments
showed that with two microphones and three instruments, MNMF
can separate sources by leveraging joint spectral-spatial structure [§]].
However, this approach assumes time-invariant mixing (sources do
not move) and inherits the spectral limitations of standard NMF,
while requiring substantially more computational resources for joint
optimization.

For underdetermined or reverberant scenarios, spatial covariance
models are necessary. Rank-1 spatial covariances model instanta-
neously or convolutively mixed point sources, assuming a single
direct path from source to microphones with low reverberation. [3]
While computationally efficient, these models fail in reverberant



environments where reflections create complex spatial patterns.
Full-rank spatial covariance models address this by allowing each
source’s contribution in each time-frequency bin to be represented as
a zero-mean Gaussian with a full covariance matrix encoding com-
plete spatial mixing characteristics. Duong, Vincent & Gribonval 9]
introduced such models to capture reverberation and complex spatial
spreads, deriving an expectation-maximization (EM) algorithm to
estimate covariance matrices and spectral variances from mixtures.
This enables learning multichannel Wiener filters optimal for Gaus-
sian models, improving separation in reverberant audio compared to
rank-1 models.

Other methods include independent component analysis (ICA)
and independent vector analysis (IVA) : ICA, introduced in [[10],
recovers sources by finding a demixing matrix that produces statisti-
cally independent outputs, assuming sources are non-Gaussian. This
approach works for determined mixtures (equal number of micro-
phones and sources) but suffers from a permutation problem in the
frequency domain, where output order can differ across frequency
bins. [[11] IVA, introduced in [12] addresses this by treating each
source as a vector across all frequencies, enforcing consistent permu-
tations through full-band statistical modeling. For determined cases,
Independent Low-Rank Matrix Analysis (ILRMA) unifies [IVA with
NMF source models, combining frequency-domain ICA with low-
rank spectral structure. [[13] ILRMA achieved state-of-the-art results
for determined music separation in the mid-2010s. However, ICA-
based methods require at least as many microphones as sources and
assume statistical independence, which is systematically violated
in music where instruments share harmonic content and correlated
rhythms.

2.2.2. Evaluation

Evaluating a source separation algorithm is challenging, as there is
often a gap between human perception of audio quality and the ob-
jective metrics used to measure it. In the context of BSS, two types
of evaluation metrics are commonly used.

The first type consists of objective metrics, originally pro-
posed by Vincent et al. [14]. Useful, faster and cheaper to obtain,
those objectives measures are the Source-to-Distortion Ratio (SDR),
Source-to-Interference Ratio (SIR), and Source-to-Artifact Ratio
(SAR). They allow us to compare the target source modified by an
allowed distortion Stqrget to the predicted one §; and assume that
the latest is made of four components defined as

éi = Slarget + €interf + €noise + €Cartif (1)

where €inierf, €noise, and eqr¢ip are error terms for interfer-
ence, noise, and added artifacts, respectively. Those components
represent the part of perceived as §; coming from the target source
s; , from other unwanted sources s; (i # j), from sensor noises
(ni)1<i<m. and from other causes. Their decompositions are based
on orthogonal projections, with IT¢,, . .. 3 the orthogonal projector
onto the subspace spanned by vectors y1, .., yk of length T, in the
shape of a T" x T" matrix. Three orthogonal projectors are defined by
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and the following components defined above become :

Starget = st éj
€Cinterf - — PS éj — PS]. éj (3)
€noise := Psn8; — Ps§;
€Cartif <= éj — Ps’n §j
Finally , those definitions allow us to define the three metrics as
follow :

SAR = 10 10g10 ( ||Starget + €interf :_ enmse” ) (4)
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SIR = 10logyg | o5 (5)
Heinteer

2
SDR = 101og;, ( ISt ) ©)

Heimerf + €noise + eanisz

Since SDR is sensitive to amplitude scaling of the signal, it can
artificially inflate the SNR value without any perceptual improve-
ment. To address this issue, Le Roux et al. [15]] introduced the Scale-
Invariant Signal-to-Distortion Ratio (SI-SDR), which removes the
dependency on scaling. This is achieved by rescaling the target sig-
nal such that the residual error is orthogonal to it, which corresponds
to projecting the estimated signal $ onto the subspace spanned by the
target signal s. Formally, this amounts to define

2
SI-SDR = 10log,,, (M) %)
l[eves |

where euret = s, With o = arg ming |as — 8|2, and ees =
<§ - etarget

More generally, objective measures remain limited, as they
struggle to capture the full richness of human auditory perception.
Many perceptual aspects of sound quality are difficult to model com-
putationally. Furthermore, these metrics require access to ground-
truth signals, which is typically unavailable in our BSS scenarios.
However, in the case of the CLASS-net, the four metrics are useful
to evaluate the model base on our data augmentation (detailed in
Section[d). A higher number indicates a better performance.

The second type of evaluation relies on subjective metrics. In
particular, we consider the MUIti Stimulus test with Hidden Ref-
erence and Anchor (MUSHRA) protocol for assessing intermediate
audio quality. This method, described in [[16], follows the recom-
mendations of the International Telecommunication Union (ITU). It
consists of a listening test in which participants are presented with
a reference signal (e.g., the original mixture) alongside several test
samples (e.g., outputs of a source separation algorithm). Among
these samples, one corresponds to a hidden reference, while others
include anchors, which are degraded versions of the reference sig-
nal. These anchors typically consist of low-pass filtered versions
of the reference (e.g., at 7 kHz and 3.5 kHz), providing perceptual
baselines for evaluation.

However, due to time constraints, we were not able to conduct
such a subjective evaluation in this work.

2.2.3. Deep Learning methods

One of the first successful applications of deep models into source
separation was proposed by Nugraha et al. [17]. In their work, deep
neural networks are used to model the source spectra and com-
bined with the classical multichannel Gaussian model to exploit the
spatial information. This hybrid approach allows the exploitation



of spatial information while benefiting from the representational
power of neural networks, marking a key transition from purely
statistical models to learned models. Another influential paradigm
is deep clustering [18]], which reformulates source separation as an
embedding learning problem. Instead of directly estimating sig-
nals or masking functions, the network learns embeddings for each
time-frequency bin such that components belonging to the same
source are close in the embedding space. Source separation is then
performed by clustering these embeddings. This approach addresses
the permutation ambiguity inherent in multi-source separation and
has inspired many subsequent methods. Recent methods focus on
end-to-end neural architectures trained to directly estimate source
signals or time-frequency masks. Rouard et al. [2]] propose a Hybrid
Transformer Demucs model that combines two U-Net architectures:
one operating in the time domain using temporal convolutions,
and another operating in the frequency domain using spectrogram
representations. The integration of Transformer layers enables long-
range temporal modeling, resulting in state-of-the-art performance
on standard music separation benchmarks. However, these models
generally assume direct mixing conditions and may struggle to gen-
eralize to reverberant acoustic environments. To address the intrinsic
ambiguity of source separation, generative approaches have recently
gained attention. Scheibler et al. [[19] propose a diffusion-based
framework for single-channel speech source separation, modeling
the separation process as the reverse of a stochastic differential
equation (SDE). By explicitly modeling uncertainty, diffusion mod-
els can generate multiple plausible source estimates and demonstrate
increased robustness to noise and reverberation compared to deter-
ministic methods. Speaking of methods, Wisdom et al. [20] propose
an unsupervised method, mixture invariant training (MixIT), that
requires only single-channel acoustic mixtures. They improve re-
verberant speech separation performance by incorporating mixtures
that depend on the acoustics of the room.

More recently, CLAP [21] extends this idea by learning a joint
embedding space between encoded audio and encoded text through
contrastive learning. originally not designed for source separation,
CLAP enables semantic conditioning of audio models, allowing
text-guided source separation. Conditioning mechanisms such as
Feature-wise Linear Modulation (FiLM) [22] provide a flexible way
to integrate such auxiliary information into generative models sush
as Latent Diffusion conditioned models. These approaches are par-
ticularly promising for complex acoustic mixtures, where semantic
and contextual information can help disambiguate sources. Based on
this approach, Liu et. al. in their paper “"Language-Queried Audio
Source Separation” [[1]], propose a way to separate a source from a
mixture based on textual prompt.

3. METHODOLOGY

In this section, we describe our hybrid pipeline, covering the entire
process from the sound recording setup to the final algorithmic de-
sign.

3.1. FastMNMF2 Framework

We propose a source separation framework that integrates a semi-
supervised spectral dictionary and a physics-guided spatial initializa-
tion into the Fast Multichannel Non-negative Matrix Factorization 2
(FastMNMF2) algorithm [8].

3.1.1. Generative Model

Let x;; € CM denote the Short-Time Fourier Transform (STFT)
coefficients of the mixture recorded by M microphones at fre-
quency f and time index t. Following the Weight-Shared Jointly-
Diagonalizable (WJD) spatial model, the mixture is assumed to
follow a multivariate complex Gaussian distribution:

N
xf1 ~ Ne (0, > An,ftRn,f> . (8)
n=1

The model parameters are structured as follows:

1. Spectral Model: The source Power Spectral Densities
(PSDs), Ay, st, are factorized via NMF:

K
)\n,ft = ankfhnkta (9)
k=1

where wpryr > 0 and hpre > 0. In our proposed semi-
supervised approach.

2. Spatial Model: The Spatial Covariance Matrices (SCMs)
are modeled using a frequency-dependent joint diagonalizer
Q; € CM*M and frequency-invariant spatial weights &, =
[Gnts .-y Gnm]’ € RY:

R, ;= Q;'Diag(g.)Q;". (10)

To ensure identifiability, we impose the normalization con-
straints 3" _ | §nm = 1 and tr(QsQY) = M.

3.1.2. Initialization Strategy

We introduce a robust initialization scheme to mitigate the sensitivity
of MNMEF to initial conditions.

3.1.2.1. Spectral Initialization

Let V,, € ]RiXT denote the initial spectral estimate of the n-
th source obtained via the pre-trained Deep Neural Network. The
temporal activations H,, are initialized by projecting V.. onto the
fixed dictionary W. This projection is performed independently for
each time frame. Specifically, for each time index ¢, the activation
vector h,, ; € Rf is obtained by solving the following Non-negative
Least Squares (NNLS) problem:

h,: = argmin ||vn: — WhHg , (11)
heRrK

where v, ¢ is the ¢-th column of Vo

3.1.2.2. Physics-Guided Spatial Initialization
We initialize the spatial parameters based on the geometry of the
microphone array. We compute the steering vectors a,, ; € C™ for
all sources using a spherical wave propagation model. The theoreti-
cal mixing matrix is formed as Ay = [a1,f,...,an,f].
The joint diagonalizer QQ; is initialized as the Moore-Penrose
pseudo-inverse of the mixing matrix:

t
o _ | A}
Q= [Unuu] ; (12)

where Uy spans the null space if M > N. Accordingly, the spatial
weights G are initialized to be diagonally dominant (Jym & pnm for
n < N), ensuring the n-th output of the diagonalizer corresponds to
the n-th source.



3.1.3. Parameter Estimation

The parameters © = {W, H, G, Q} are estimated by maximizing
the log-likelihood function. Let q;'m denote the m-th row of the
joint diagonalizer Qy. We define & fim = |, X s¢|?
of the decorrelated components, and Y ¢ = 25:1 An, ftdnm as
the model variance.

The update rules, derived for FastMNMEF?2, are applied itera-
tively:

as the power

¢ Spectral Basis Patterns (W):

[ 2
Zt,m h'nktgnmxftmyftm

Wnkf 4 Wnkf — (13)
Zt,m h”ktgnmyft%m
* Temporal Activations (H):
S —2
m Wnkfg T ftmY fem
B = e | L ekt G, gy

Zf,m w"kfgnmy;tlm

* Spatial Weights (G): Since g, is shared across frequencies,
the update aggregates information over all frequency bins:

- —2
2o At E femY

— 15)
Zf,t )‘n,ftyftlm

gnm — gnm

Note that An ;r = >, Wnkshnre allows efficient computa-
tion.

¢ Joint Diagonalizer (Q): We use the Iterative Projection (IP)
method. For each channel m, the vector qy., is updated by
solving the linear system:

q;'m — (vafm)ilemv (16)

where Vg = £ 370 | g, xpexY, is the weighted empiri-
cal covariance matrix.

Scale ambiguities are resolved at each iteration by normaliz-
ing Q and G according to the constraints defined in the generative
model section.

3.2. Sound recording

This section focuses on the recording of all the sound elements nec-
essary for the dataset and the Fast MNMF note dictionary, conducted
in parallel with the recording of the musical tracks that we aim to
separate at the end of the process.

In order to apply our work to professionally recorded music,
we chose to implement a comprehensive setup followed by a mix-
ing stage, inspired by technique explained in [23]. A top-down
schematic of this arrangement is provided in Figure[3]

The studio setup is divided into three sections using seven con-
denser microphones. These microphones were selected for their
shared characteristics to ensure a homogeneous frequency response,
since our goal was to capture as much spectral information as possi-
ble.

3.2.1. Source Layout and Close-Miking

In the first sector, the sources — a piano, a saxophone, and a vi-
olin — are arranged to form an equilateral triangle with one side
parallel to the mixing console, as specified in[2] Within this triangle,
bidirectional microphones are positioned, each directed toward a tar-
get source while ensuring the other two sources are situated within
its null plane. To achieve this configuration, the microphones are
placed at a height of 50-60cm from the target sources and tilted
towards them.

3.2.2. XY Configuration and Ambience

In a second zone, positioned near the mixing console and more than
one meter from the saxophone and violin, we placed three cardioid
microphones in an adapted XY formation. These are arranged as
shown in Figure 2] The diaphragms are vertically aligned, but the
microphones are off-axis to cover the room and distinctly capture
information from the left, right, and center. Specifically, the center
microphone is aligned toward the piano, while the other two are set
at angles of 60° and —60°. Finally, in the back of the room, another
cardioid microphone is used to capture the ambience and acoustic
response of the room.

3.2.3. Acoustic Environment and Constraints

It is necessary to explain that this ambient microphone is located in a
section of the room covered with absorbent materials (carpeted floors
and walls), whereas the area where the sources are placed features
wooden parquet flooring and diffusing wall elements. This acous-
tic treatment initially justifies the decision to place the sources in
that specific part of the studio. Furthermore, given the studio’s total
volume of 108.9 m?, the presence of absorbent cladding around the
ambient microphone results in a T5¢ of approximately 0.5s, yielding
a Schroeder frequency of approximately 136 H z.

Since the diffuse field cannot be estimated below this Schreeder
frequency, the utility of this final microphone may be limited. In-
deed, as the room geometry does not allow for a precise calculation
of the modal node locations, the microphone might be poorly posi-
tioned to accurately capture low frequencies.

3.2.4. Mixing Process

During the mixing stage, the primary objective was to favor the
sound captured by the XY configuration to emphasize the spatial
acoustic blend and the room’s response. The close-up microphones
were used to reinforce the instruments in specific isolated frequency
bands through equalization. The ambient microphone provided a
slight delay—nearly negligible, yet useful for a more accurate repre-
sentation of the recording studio. The mix was performed in stereo,
with careful attention paid to maintaining the spatial distribution of
the sources.

Table 1. Coordinates of the microphones in meters in the relation to
the foot of the ambiance cardioid

Microphone X Y V/ Type

1-2-3 3.0 0.0 1.5 cardioid
4-Ambiant 0.0 0.0 1.8 cardioid
5-Piano 6.0 0.0 1.9 bidirectional
6-Saxo 4.5 0.5 1.7 bidirectional
7-Violin 4.5 -0.5 1.7 bidirectional




Fig. 2. Setting of the 3 cardioid microphones, mimicking the XY
stereo technique

Table 2. Coordinates of the sources in meters in the relation to the
foot of the ambiance cardioid

Sources X Y 7
Piano 6.0 0.0 0.6
Saxophone 4.5 1.0 0.6
Violin 4.5 -1.0 0.6

3.3. Dataset augmentation

A fundamental challenge in supervised music source separation
is the scarcity of high-quality, multi-instrument recordings with
isolated stems. While large-scale datasets exist for certain instru-
ments or mixing conditions, recordings that match the specific
acoustic characteristics of our target scenario—a violin, saxophone,
and piano trio captured in a reverberant studio environment—are ex-
tremely limited. To address this limitation and enable robust training
of the CLASS-net model, we developed a hybrid data augmenta-
tion strategy that combines synthetic mixtures from the Slakh2100
dataset with our own multi-instrument recordings acquired at
IRCAM.

FIANO

5
® BIDIRECTIONALS ®

6 7
SAXOPHONE VIOLIN

TRIPLE CARDIOID

MIXING TABLE

AMBIANCE CARDIOID

Fig. 3. Setting of the 3 sources and the 7 microphones in the studio

3.3.1. Source Datasets

3.3.1.1. Slakh2100 Dataset

The Slakh2100 dataset provides a large-scale collection of au-
tomatically mixed multi-track audio derived from the Lakh MIDI
dataset. Each track in Slakh2100 contains isolated stems for indi-
vidual instruments rendered using high-quality virtual instruments,
along with metadata specifying the MIDI program names. We uti-
lize the training split of the Slakh2100 dataset resampled to 16 kHz,
which contains diverse instrumental combinations across multiple
musical genres.

To focus on acoustically similar instruments and avoid domain
mismatch, we apply a keyword-based filtering strategy. Specifi-
cally, we retain only stems corresponding to instruments in our target
set: violin, piano, and saxophone. Furthermore, we explicitly reject
stems containing the keywords “electric” or ”synth,” as these exhibit
fundamentally different spectral characteristics from their acoustic
counterparts.

3.3.1.2. IRCAM Studio Recordings

To improve the model’s performance on our particular source sep-
aration task, we augmented the Slakh2100 data with recordings from
our own studio session. As described in Section 3] we recorded



a trio consisting of violin, tenor saxophone, and piano performing
three popular songs in a controlled studio environment at IRCAM,
along with isolated performances of each instrument under identical
acoustic conditions. These recordings provide in-domain data that
will allow our model to be fine-tuned to the particular instruments
that were used during the test recordings.

While we tried to record every instrument separately with ded-
icated microphones during the song recordings, the presence of
acoustic reflectors in the studio lead to abundant cross-channel
bleeding despite the microphones being directive and setup to mini-
mize direct interference from other instruments. Consequently, these
stems were not usable as targets to fine-tune the model, and only the
solo performances were used. We integrated the remaining files into
our dataset under the labels violin_rec, saxophone_rec, and
piano_rec to distinguish them from the Slakh2100 sources.

3.3.2. Mixture Synthesis Procedure

Our data augmentation pipeline generates synthetic training exam-
ples by constructing controlled mixtures that simulate the separation
task. Each training example consists of a triplet: a reference audio
segment, a target source, and a mixture containing the target source
embedded within a background of interfering instruments.

3.3.2.1. Instrument Selection and Sampling

In the following section, random sampling was always done using
a uniform distribution.

For each generated datapoint, we first randomly select a target
instrument from the filtered pool containing violin, piano, and sax-
ophone. This inclues both Slakh and recorded variants, with the
recorded variants being chosen 50% of the time. This target instru-
ment represents the source that the model must learn to extract. A
corresponding stem is randomly sampled from the available paths for
that instrument class. If the target originates from our recorded data
(e.g., "saxophone_rec”), the prompt is mapped to its canonical
form (e.g., "saxophone”) to ensure consistency with the CLAP
text encoder.

To create a realistic mixture, we select between 1 and 3 ad-
ditional instruments to serve as interferers. These background in-
struments are sampled uniformly from the entire Slakh2100 dataset
combined with our recordings, subject only to the constraint that
they must not belong to the same instrument class as the target. This
ensures that the model learns to discriminate between the target and
acoustically diverse distractors. The dataset is sanitized dynamically
at this step, preventing unrendered stems and missing instruments
from being chosen again, thus speeding up the data generation pro-
cess.

3.3.2.2. Temporal Scattering and Active Audio Extraction

To increase temporal diversity and prevent the model from rely-
ing on fixed temporal patterns, we apply a scattering procedure that
randomly places audio segments throughout the mixture duration,
implementing the following steps.

1. The mixture timeline is divided into 5 non-overlapping tem-
poral bins of equal duration of 2 seconds each.

2. For each bin, for each instrument, with a probability of 80%,
a random audio segment of at most 3 seconds is inserted at a
random position within that bin.

3. If an audio segment s of the same instrument overlaps the
current bin, the possible insertion positions for a new audio
segment restricted from the end of s to the end of the current
bin.

Before scattering, all audio is preprocessed in order to keep
only portions of the stems where audio is present. This is done by
applying a low-pass filter on the absolute value of the waveform w
to obtain an array y, and keeping only the values w(n) such that
y(n) > T where T is a threshold value. This ensures that the mix-
ture does not contain extended silent regions that would be trivial to
separate.

This whole process guarantees medium to hard training exam-
ples for the model, and allows the generation of large amounts of
varied training examples from relatively little recorded data.

3.3.2.3. Final Mixture Construction
The complete training example is constructed as follows:

* Reference: A clean segment of the target instrument class,
randomly sampled from the filtered Slakh2100 stems and
recordings. The reference is preprocessed as above and nor-
malized to ensure consistent amplitude. It is then truncated
to a 10 second clip, and scattering is not applied.

» Target: The selected target stem is preprocessed, normalized
and scattered over a duration of 10 seconds.

e Mixture: The sum of the scattered target and all scattered
background instruments. The final mixture is normalized, and
silences are kept if they occur, for a final duration of 10 sec-
onds.

Additionally, we generate a metadata JSON file for each training
example, recording the prompt keyword (target instrument), for use
in CLAP.

3.3.3. Implementation Details

All audio is processed at a sampling rate of 16 kHz to match the in-
put requirements of the CLAP encoder and to reduce computational
cost. The STFT parameters used in CLASS-net are consistent with
this sampling rate and yield a time-frequency representation of di-
mension 513 x 626 for a 10 second audio clip.

Dataset generation is performed offline, and the resulting triplets
(reference, target, mixture) are saved as WAV files in separate direc-
tories, along with the JSON metadata containing the prompt. Over-
all, 1000 examples (2 hours and 47 minutes of audio) were generated
for training, 200 (34 minutes) for testing and 300 (50 minutes) for
validation.

3.4. CLASS-net model

Prior to the initialization of the FastMNMF algorithm, we propose
an alternative model inspired by the work of Liu et al. As shown
in Fig. [ our approach, termed CLASS (CLAP-based Language-
Queried Audio Source Separation), replaces the text encoder used in
LASS-net with a pre-trained CLAP model [21].

As described in Section [2] CLAP is trained on large-scale au-
dio—text pairs and learns a joint embedding space that captures the
relationship between audio content and its natural language descrip-
tion. This modification enables the incorporation of an additional
conditioning signal in the form of an audio reference, guiding the
model to extract the desired source from the mixture. Specifically,
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Fig. 4. Framework of the proposed CLASS-Net

CLAP generates a joint embedding from both an audio reference
(e.g. a violin sound) and a textual tag (e.g. “violin”), which is
then used as a conditional input to train the separation network. The
CLAP embedding zcr4p, defined as

% (Zaudin + Ztext)
ZCLAP = T
H 3 (Zaudio + Zlexl) H2

a7

where 24y dio and zteq+ are the audio reference encoded through
the HT-SAT encoder [24], and the tag prompt through the RoOBERTa
encoder [25] respectively, is injected into the network via FiLM
(Feature-wise Linear Modulation) [22], applied to the output of each
convolutional block in both the encoder and decoder. The separation
backbone is based on the ResUNet architecture proposed by Kong et
al. [26]]. The overall model is fine-tuned from weights pre-trained on
LASS-net. The predicted spectrogram mask is first multipled to the
mixture to compute the time-frequency predicted source S, which
is then compared to the target source .S through the Mean Absolute
Error (MAE) given by

Laiae = H\S| - |S\H1 (18)

In practice, we freeze the CLAP encoder, as it has already been
trained on large-scale musical data, and restrict fine-tuning to the
decoder part of the ResUNet. This strategy stabilizes training while
allowing the separation network to adapt to our specific task. Since
CLASS-net processes only monaural audio, we select one micro-
phone from our multichannel recording setup at inference time to
predict the desired source given the text prompt. To properly ini-
tialize the FastMNMEF algorithm, we use CLASS-net to estimate the
separated mono time—frequency representation V,,, where n = 3 is
the number of sources/instruments. We then estimate the note acti-
vations H using a Non-negative Least Squares (NNLS) procedure,
described in Section

4. EXPERIMENTS AND RESULTS

In this section, we provide the training and evaluation procedure re-
garding the CLASS-net module and the FastMNMF?2 algorithm.

4.1. CLASS-net training and evaluation
4.1.1. Data processing

For training simplicity and with respect to the specific Slakh dataset
from Chang et al. paper [27] (see Subsection @), we load from
our dataset audio signals using 16 kHz sampling rates. The STFT
is performed using a frame size of 1024 and a hop size of 256. The
mixture and the target source of 10 seconds results in a spectrogram
with shape of 513 x 626.

4.1.2. Updating LASS-net baseline

Compared to the original LASS-net, the audio reference of 10 sec-
onds and its textual description are directly handled by CLAP. The
embedding produced by the encoder zcr, ap, has a shape of batch
size x 512. We added a fully-connected layer with 256 nodes fol-
lowed by a ReLU activation to match the rest of the architecture.
As detailed in Subsection [3.4] we decided to fine-tune only the de-
coder part of the ResUnet, taking the best checkpoint model from
the LASS-net. The rest of the architecture are completly frozen. We
used the music audioset best checkpoint model on CLAP. Similar
to the LASS-net training, we set batch size to 2. AdamW [28] opti-
mizer is used for training with the learning rate of 1 x 10™*. We train
CLASS-net for 25 000 iterations using one Nvidia-Tesla-K80-11GB
GPU.

4.1.3. Result on objective metrics

We evaluate our model using four commonly used metrics in source
separation, as detailed in Section@ The evaluation is conducted on
a held-out test subset derived from our augmented dataset. We com-
pare our results with the best reported performance of LASS-Net in
its original evaluation setting (see Section 5.5 of [1]]). To compute
those objective metrics, we used a fast implementation proposed by
Scheibler [29]. Since metrics such as SDR, SIR, SAR and SI-SDR
primarily assess the quality of the separated sources, we do not per-
form a direct comparison on a shared dataset. Indeed, LASS-Net was
not trained on musical data, making such a comparison less mean-
ingful.

As shown in Table 8] CLASS-Net does not outperform the orig-
inal LASS-Net, although the results remain respectable. Regarding



Table 3. Models Performance Summary.

Model SDR SIR SAR  SI-SDR
LASS-net 5.89 16.70 5.18 4.86
CLASS-net 4.15 - 4.15 2.83

the SIR metric, it cannot be reliably evaluated in our setting. In-
deed, due to our data augmentation procedure, which considers only
a single target source, it is not possible to properly assess interfer-
ence between multiple sources. Furthermore, qualitative listening
on an example from the recorded dataset reveals that, while the pi-
ano part can generally be distinguished from the mixture, the vio-
lin is sometimes confused with the tenor saxophone. Overall, we
find it encouraging that the model performs reasonably well given
the training constraints. Audio examples are available on our demo
page. These results can primarily be attributed to the limited amount
of data available for both training and validation. In addition, time
constraints prevented a more thorough exploration of the model ar-
chitecture and training procedure. Additionally, due to GPU memory
limitations, only a small batch size (up to 4) was feasible for train-
ing the model. One potential direction for improvement lies in the
CLAP-based conditioning. During training, the model is exposed to
a balanced combination of text and audio inputs, whereas inference
may rely solely on textual conditioning, leading to a mismatch that
can affect performance. Furthermore, fine-tuning the CLAP model
jointly with the training process could potentially improve the qual-
ity of the learned representations and, consequently, the overall per-
formance.

In addition, several directions could be explored in future work.
First, the use of MAE as a reconstruction metric introduces limita-
tions due to the inherent trade-off between temporal and frequency
resolution. As aresult, it may fail to accurately capture fast transients
or fine harmonic structures. An improved loss formulation could be
considered by drawing inspiration from the approach of Kreuk et
al. [30]. In their work, the authors combine a time-domain MAE be-
tween the target and reconstructed signals with a Multi-Resolution
STFT loss, originally proposed by Yamamoto et al. [31]]. Such a
combination enables a more comprehensive characterization of both
temporal and spectral aspects of the audio signal, and could lead to
improved reconstruction quality.

4.2. FastMNMF2 Training and Evaluation

We evaluated the performance of the FastMNMF2 algorithm un-
der four distinct initialization configurations to assess the impact of
semi-supervised guidance compared to a blind baseline.

4.2.1. Experimental Setup

Across all configurations, the algorithm was configured with the It-
erative Projection (IP) update rule. The common hyperparameters
were set as follows:

¢ Number of microphones: M =7

¢ Number of sources: S = 3

* FFT size: F' = 513 (corresponding to a 1024-point DFT)
¢ Number of NMF bases per source: K = 8

* Regularization weight: g = 0.05

* Precision: 64-bit floating point

* Normalization interval: Every 10 iterations
¢ Total iterations: 100
We compared the following four initialization strategies:

1. MNMF Blind (Baseline): Standard initialization using a cir-
cular assumption (‘init=circular‘) without prior information.

2. MNMF Q-init: Initialization of the spatial diagonalizer
Q using the physics-guided scheme described in Sec. [3.1.2]
(‘init=manual ).

3. MNMF H-init: Initialization of the temporal activations H
using the pre-trained DNN, with standard spatial initializa-
tion.

4. MNMF W -init (Fixed): Initialization of the spectral dictio-
nary W using the experimental data.

4.2.2. Results and Analysis

Contrary to expectations, the guided initialization strategies did not
yield conclusive improvements over the blind baseline. In the major-
ity of test cases, the semi-supervised configurations resulted in per-
ceptually lower separation quality compared to the standard MNMF
Blind approach.

This outcome suggests that our integration strategy may have
been too simplistic to effectively guide the non-convex optimiza-
tion of FastMNME?2. It is likely that successfully leveraging these
priors requires a much deeper investigation into implementation de-
tails—specifically regarding the balance between initialization con-
straints and update dynamics—which went beyond the scope of this
study.

4.2.2.1. Spatial Analysis Limitations

An attempt was made to analyze the final spatial parameters to
infer room acoustics. Theoretically, the inverse of the estimated di-
agonalizer Q should approximate the mixing matrix A (ie., Q' ~
A), allowing for the extraction of estimated steering vectors. How-
ever, experimental results showed that the estimated Q did not con-
verge to a physically interpretable state, preventing the exploitation
of the room’s acoustic properties or accurate direction-of-arrival es-
timation.

4.2.3. Evaluation Constraints

It is important to note the absence of ground truth signals for the
recorded mixtures, which precluded the calculation of objective met-
rics such as Signal-to-Distortion Ratio (SDR). While informal listen-
ing tests suggested a preference for the blind initialization, a rigor-
ous subjective evaluation protocol, such as a MUSHRA (Multiple
Stimuli with Hidden Reference and Anchor) test, would have been
required to provide statistically significant conclusions. Due to time
constraints, such a study could not be conducted.

5. CONCLUSION AND PERSPECTIVES

In this paper, we introduced and demonstrated the relevance of
our approach, which consists of using a fine-tuned CLASS-Net, a
language-query-based source separation network proposed by Liu et
al. [[1]], as a prior initialization for the FastMNMEF?2 algorithm. While
the model achieved respectable and competitive results in terms of
both objective metrics and qualitative evaluation, the overall system
still struggles to effectively separate recordings of a musical trio (vi-
olin, saxophone, and piano) captured in the IRCAM studios. Further



experiments, particularly focusing on a more thorough evaluation of
FastMNMF2, would be necessary to better assess the effectiveness
of the proposed method. Nevertheless, we encourage future research
to explore the use of CLASS-Net in the context of multi-channel
source separation algorithms.
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