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Abstract

Background: Music-aware multimodal large language models require reliable perceptual evi-
dence to answer questions about lyrics, vocals, instruments, accompaniment, rhythm, genre, or
performance characteristics. For music inputs, this perception interface is challenging because
songs are polyphonic and source-overlapped, while real-world recordings often contain audience
noise, equipment interference, and room effects. Without robust stem extraction, noisy and source-
overlapped mixtures may provide unstable evidence to downstream audio encoders and language
reasoning modules. This study investigates robust music source separation as an LLM-facing per-
ception interface that converts noisy mixtures into stable stem-level musical evidence.
Methods: Using Hybrid Transformer Demucs as a Transformer-based music source separation
front-end, we fine-tuned the model on MUSDB18-HQ with Gaussian noise injection. Two aug-
mentation strategies were compared: injecting noise only into mixture tracks and injecting noise
into both mixture and source tracks. Noise variance and injection probability were varied to eval-
uate their effects on separated vocals, drums, bass, and other stems.
Results: The best configuration, applying Gaussian noise only to mixture tracks with variance
0.001 and probability 0.8, improved source-to-distortion ratio by up to 0.12 dB under high-intensity
noisy test conditions compared with the baseline. Although the gain is modest, it is obtained
without changing the model architecture or adding inference cost, and the degradation with mix-
and-source injection suggests that preserving clean target stems is important for robust evidence
extraction.
Conclusions: Lightweight noise-stable fine-tuning can improve the robustness of Transformer-
based music source separation interfaces. The findings support robust stem extraction as an adap-
tation strategy for music-aware multimodal large language model pipelines, while downstream
language-model evaluation remains future work.
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I. Introduction

Music-aware multimodal large language models are increasingly expected to reason about songs,

lyrics, vocals, instruments, accompaniment, rhythm, genre, and performance characteristics. In

such systems, language-level reasoning depends on reliable perceptual evidence extracted from

the audio input before it is passed to downstream audio encoders or language reasoning modules.

Unlike speech-only inputs, music recordings are naturally polyphonic and source-overlapped: vo-

cals, drums, bass, and other accompaniment components are mixed into a single waveform. This

makes music source separation a central front-end task for music-aware multimodal systems rather

than merely a tool for remixing or studio production.

For music understanding, separated stems can provide structured evidence for different types

of downstream reasoning. Vocal stems can support lyrics recognition, singing voice understanding,

and questions about performed content; drums and bass can support rhythm, groove, and style anal-

ysis; and the remaining accompaniment can provide harmonic, timbral, and contextual evidence.

Figure 1 illustrates the basic music source separation process. In this study, the separated stems

are treated as stem-level musical evidence that may support later multimodal language reason-

ing, while the present evaluation remains focused on the robustness and quality of the separation

front-end itself.

A practical challenge is that real-world music recordings are rarely clean. Live performances

may include audience noise, room reverberation, microphone artefacts, and equipment interfer-

ence, while studio recordings may still contain low-level capture noise. When a source separation
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Fig 1: Music source separation process [40].

front-end is sensitive to such perturbations, the extracted stems can contain residual interference,

distorted timbre, or blurred source boundaries. These errors reduce not only the objective quality

of separated tracks, but also the reliability of the perceptual evidence available to music-aware

multimodal large language model pipelines.

This paper studies robust music source separation as an LLM-facing perception interface.

Specifically, Hybrid Transformer Demucs is used as a representative Transformer-based music

source separation model, and Gaussian noise injection is applied during fine-tuning to improve

stability under noisy input conditions. The method does not change the underlying separation

architecture and does not introduce additional inference cost. Two training-time augmentation

strategies are compared: injecting Gaussian noise only into mixture tracks, and injecting Gaussian

noise into both mixture and source tracks.

The main contributions of this paper are as follows:

1. It reframes robust music source separation as an LLM-facing perception interface for music-

aware multimodal systems, where separated stems serve as structured musical evidence for

downstream language-level reasoning.

2. It investigates Gaussian noise injection as a lightweight robustness adaptation strategy for

Hybrid Transformer Demucs without modifying the model architecture or increasing infer-

ence cost.
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Fig 2: LLM-facing music perception interface. Robust music source separation converts a noisy
music mixture into stem-level musical evidence before downstream audio encoding and language-
level reasoning.

3. It compares mixture-only and mixture-and-source noise injection strategies on MUSDB18-

HQ and analyzes their effects on vocals, drums, bass, and other stems using source-to-

distortion ratio as a proxy for stem-level evidence quality.

The results show that the best mixture-only configuration yields a small but consistent source-

to-distortion ratio improvement under high-intensity noisy test conditions, while injecting noise

into both mixtures and source targets reduces performance. These findings suggest that preserving

clean target stems during noisy-input adaptation is important when source separation is used as an

evidence extraction interface. The study does not claim to train or improve a language model di-

rectly; instead, it focuses on improving the input-side robustness of a music perception component

that can support future music-aware multimodal large language model pipelines.

II. Related Work

A. Music Understanding in Multimodal Large Language Models

Recent progress in audio-language modeling and multimodal large language models has expanded

language-model reasoning from text and images to speech, music, and general audio. AudioLM

demonstrates that language modeling principles can be applied to audio generation [7], while

MusicLM extends text-conditioned generation to music [1]. Contrastive audio-language mod-

els such as CLAP connect audio events with natural-language descriptions [19], and systems such
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as SALMONN further explore generic hearing abilities for large language models [64]. These

developments indicate that language reasoning over audio increasingly depends on reliable audio

representations.

For music-oriented use cases, a multimodal model may be expected to answer questions about

lyrics, vocals, instrumentation, rhythm, genre, performance style, and accompaniment. These

capabilities depend on whether the audio front-end can provide stable perceptual evidence before

language-level reasoning is performed. In noisy and polyphonic music recordings, the raw mixture

alone may obscure the acoustic cues needed by downstream audio encoders or language reasoning

modules.

This paper therefore treats music source separation as an input adaptation problem for music-

aware multimodal systems. Instead of using source separation only as a production tool, the sep-

arated stems are interpreted as structured musical evidence: vocals can support lyrics and singing

voice understanding, drums and bass can support rhythm and groove analysis, and other accompa-

niment components can support timbral and harmonic interpretation. Prior work has also shown

that source separation can improve music representation and classification in downstream machine-

listening settings [44]. This motivates studying whether the separation interface itself remains

stable when the input mixture is noisy.

B. Robust Audio and Music Front-Ends

Robustness has long been a central problem in audio perception systems. In speech-oriented sys-

tems, noise-robust recognition and enhancement have been studied through multimodal learning,

speech enhancement, and audio-visual separation [28, 45]. These studies show that the reliability

of downstream recognition depends strongly on the quality of the front-end representation under
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noisy conditions. Similar considerations apply to music-aware multimodal large language model

pipelines, where corrupted stem extraction can propagate unreliable evidence into later reasoning

modules.

For music recordings, robustness is further complicated by polyphony and source overlap. The

desired output is not only a cleaner waveform, but a set of musically meaningful stems. Live

recordings may include audience sounds and room effects, while studio recordings may contain

equipment noise or leakage between sources. These conditions motivate training-time adaptation

strategies that improve front-end stability without changing the downstream system. Gaussian

noise injection provides a simple and controllable way to study this problem because it perturbs

the training data while leaving the inference-time architecture unchanged.

C. Blind Source Separation and Traditional Methods

Music source separation is closely related to the broader problem of Blind Source Separation,

where the goal is to recover underlying source signals from observed mixtures without complete

knowledge of the mixing process [11]. A simple linear mixture can be written as:

x = As, (1)

where x denotes the observed mixture, s denotes the latent source signals, and A denotes the

mixing process. Figure 3 illustrates the relationship between source signals and their mixture.

Traditional approaches include Independent Component Analysis and Non-negative Matrix

Factorization. Independent Component Analysis relies on assumptions such as statistical indepen-

dence and non-Gaussianity of sources [29]. Algorithms such as FastICA, InfoMax, and JADE
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(a) Signals from two sources.

(b) Mixed signals.
Fig 3: The signals from two sources and the mixed signals [29].

estimate an unmixing transform by optimizing non-Gaussianity measures [30, 3, 8]. However,

music signals often violate these assumptions because instruments can be harmonically correlated,

rhythmically synchronized, and mixed in complex stereo or single-channel settings.

Non-negative Matrix Factorization decomposes a non-negative time-frequency representation

into basis patterns and activation weights [49, 36]. In music source separation, the basis matrix

can be interpreted as spectral templates for instruments, while activation weights describe their

temporal presence. Although these methods provide useful conceptual foundations, their reliance

on simplified assumptions limits their effectiveness for modern polyphonic music. This limitation

motivates deep learning approaches that learn separation functions directly from data.
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D. Deep Learning Models

While traditional methods have demonstrated numerous practical applications, deep learning ap-

proaches have led to clear improvements in music source separation performance [59]. These

approaches can be broadly categorized into two main streams: spectral domain methods and

time domain methods, each with distinct advantages and limitations.

D-1. Spectral Domain Methods

Spectral domain methods are based on the fact that different components of music have dis-

tinct and characteristic spectral distributions, as shown in Figure 4. Those methods typically use

time-frequency representations obtained from Short-Time Fourier Transform (Short-Time Fourier

Transform). These methods generally adopt an encoder-decoder architecture where the network

generates a mask for each source’s magnitude spectrogram on a frame-by-frame basis.

Jansson et al. introduced the U-Net architecture from medical image processing into music

source separation. The network treating the task as an image-to-image translation problem by con-

verting mixed spectrograms into their component sources [31]. This approach was later enhanced

by Takahashi et al. who proposed MMDenseLSTM. This model combined DenseNet with Long

Short-Term Memory networks to better capture temporal dependencies [62].

Recent works prefer to use complex spectrograms both for inputs and outputs [12]. This pro-

vides a more comprehensive implementation and removes the limitations that come with ideal

ratio masks. The Band-Split RNN[39], a strong spectrogram-domain model, combines multiple

dual-path RNNs operating in carefully designed frequency bands, and achieved 8.9 dB Signal-to-

Distortion Ratio on the MUSDB dataset.
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Fig 4: Frequency distribution of different musical instruments.

Although the spectral domain approach is very effective, it faces some limitations in capturing

phase information, which is crucial for high-quality audio reconstruction.

D-2. Time Domain Methods

Time domain approaches work directly with waveforms, therefore it is not limited by spectral

methods. Wave-U-Net [58] became a pioneer of this approach by directly mapping mixed wave-

forms to separated sources. Conv-TasNet [38], which was initially designed for speech separation,

improved performance by replacing Short-Time Fourier Transform with learned basis functions

through one-dimensional convolutions.

Demucs [18] further advanced time-domain separation by using bidirectional LSTMs between

encoder and decoder components. The model achieved a Signal-to-Distortion Ratio of 5.73 dB on
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the MUSDB18 dataset. More recent enhancements like Hybrid Demucs [14] have improved the

architecture by incorporating cross-domain processing techniques.

D-3. Recent Advancements

Recent research focuses on addressing the limitations of both approaches. Hybrid models that

use both time-domain and spectral-domain information have become a promising direction [51].

Hybrid Transformer Demucs replaces the innermost layers of Hybrid Demucs with a cross-domain

Transformer encoder [55]. With additional training data, it reports 9.20 dB SDR, making it a strong

baseline for studying robustness in Transformer-based music source separation.

Attentional mechanisms are also increasingly integrated into Music Source Separation sys-

tems to enhance feature representation. Dual-dimension sequence attention [4, 67] considers not

only channel-wise feature differences but also temporal structures in music, recognizing that in-

struments follow certain patterns across different sections of a composition (intro, verse, chorus,

etc.) [37].

In addition, by taking advantage of the complementary advantages of different technologies, the

method of combining multiple models has also demonstrated excellent performance [43]. Through

effective model blending, KUIELAB-MDX-Net can be an example of this trend. Additionally, in

order to better capture both temporal and frequency characteristics of musical instruments, im-

proved loss functions including multi-resolution spectral regularization have been proposed [32].

Table 1 shows a comparison of various models in the field of music source separation.

It can be seen from the table that most of the models operates on only single domain. The

“more data” column indicates the amount of extra training data used by the model. This can

affect model performance, as discussed in Section C.. Hybrid Transformer Demucs is chosen
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Table 1: Comparison of music source separation models

Model Domain Extra data? Overall SDR

Open-Unmix [60] spectral no 5.3
Demucs (v2) waveform no 6.3
ResUNetDecouple+ [34] spectral no 6.7
KUIELAB-MDX-Net [32] hybrid no 7.5
Band-Spit RNN [39] spectral no 8.2
Band-Spit RNN [39] spectral 1.7k (mixes only) 9.0
Hybrid Demucs (v3) hybrid no 7.7
MMDenseLSTM [62] spectral 804 songs 6.0
D3Net [63] spectral 1.5k songs 6.7
Spleeter [26] spectral 25k songs 5.9
Hybrid Transformer Demucs (v4) hybrid 800 songs 9.0

because it combines time-domain and frequency-domain processing with a strong reported Signal-

to-Distortion Ratio.

E. Music Source Separation Campaigns and the MUSDB18 Dataset

Similar to other fields, Music Source Separation has its own benchmark datasets and evaluation

competitions. The Signal Separation Evaluation Campaign (SiSEC) 2015 [48] established early

foundations for systematic Music Source Separation evaluation. This event introduced two datasets

and utilised BSS Eval metrics to measure separation quality across speech mixtures, noise back-

grounds, and professionally produced music recordings. The competition demonstrated that deep

learning approaches were beginning to outperform traditional methods.

SiSEC 2018 [59] marked an important step with the release of MUSDB18 [52]. The dataset

contains nearly 10 hours of music with isolated stems across 150 tracks, and has become one of

the most widely used datasets in the field. It has also been criticized for limited diversity and some

unclean data [20].

The Music Demixing Challenge 2021 (MDX’21) [46] was the most influential competition
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in the field. A key design choice was the introduction of MDXDB21, a hidden test set created

exclusively for the challenge to ensure evaluation transparency. Competitors were also allowed to

use extra data for training. The results showed that additional data can affect model performance.

Considering the limitations of the MUSDB18 dataset, the Sound Demixing Challenge 2023

(SDX’23) [20] mainly focus on robust music source separation, addressing real-world challenges

of training with imperfect data. The competition simulated two types of data corruption: label

noise (incorrect instrument tags) and bleeding (signal leakage between sources). This encouraged

participants to adopt more creative designs rather than relying solely on the dataset.

This section reviews the literature needed to position robust music source separation as an

LLM-facing perception interface. It first discusses why music-aware multimodal systems require

stable stem-level evidence, then reviews robustness issues in audio and music front-ends. The sec-

tion also summarizes the signal separation foundations of the task, including Blind Source Separa-

tion, Independent Component Analysis, and Non-negative Matrix Factorization, before reviewing

deep learning approaches to music source separation. Finally, it discusses major evaluation cam-

paigns and introduces the MUSDB18 dataset, which serves as the standard benchmark for music

source separation research.

III. Methodology

Although SDX’23 has drawn attention to robustness in music demixing, many music source sep-

aration models are still not explicitly adapted for real-world perturbations and noisy music in-

puts. Défossez et al., the creators of Demucs, previously discussed pseudo-quantization noise for

model compression and noted that Gaussian noise can improve robustness against certain distur-

bances [17]. However, this observation was primarily made in the context of model compression
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rather than LLM-facing music source separation. This section introduces the problem formulation,

the Hybrid Transformer Demucs architecture, and the theoretical basis for using Gaussian noise

injection as a training-time robustness adaptation strategy.

A. Problem Formulation

Let x denote a mixed music signal and let si denote one of its target stems, where i corresponds to

vocals, drums, bass, or other accompaniment. A music source separation model fθ maps the mix-

ture to estimated stems ŝi = fθ(x)i. In an LLM-facing music perception pipeline, these estimated

stems are not treated only as audio production outputs, but also as stem-level musical evidence that

may be passed to downstream audio encoders and language reasoning modules.

This study focuses on noisy-input robustness. During testing, the mixture may be corrupted by

an additive perturbation ϵ, producing x̃ = x + ϵ. The desired behavior is that fθ(x̃) remains close

to the clean target stems so that vocals, drums, bass, and accompaniment evidence remain reliable.

Gaussian noise injection is therefore used during fine-tuning as a controlled way to expose the

model to noisy mixtures. The evaluation uses source-to-distortion ratio as a proxy for the quality

of stem-level musical evidence, rather than as a direct measure of downstream large language

model performance.

B. Model Architecture

This study uses the Hybrid Transformer Demucs model [55], developed by Meta AI Research, as

the baseline music source separation interface.

Figure 5 shows the architecture of the Hybrid Transformer Demucs model. The overall model

is composed of the following components:
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Fig 5: The architecture of the Hybrid Transformer Demucs model used as the LLM-facing music
source separation interface [55].

• Two sets of encoders and decoders for the time domain and frequency domain, respectively.

• Each domain uses U-Net skip connections within its architecture.
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• Cross-domain Transformer modules in the innermost layer.

Since its initial release, this model has evolved through three major iterations: Demucs (v2), Hy-

brid Demucs (v3), and Hybrid Transformer Demucs (v4). This section will present the model

design following the chronological development of these three versions.

B-1. Mathematical Model

The aim of Demucs is to separate the mix signal into bass, drums, vocals, and other sources. If

a waveform xs ∈ RC,T is used to represent the signal from each source, where C represents the

number of channels and T represents the number of time steps sampled, the whole music signal

can be represented as:

x = xb + xd + xv + xo (2)

Here, xb, xd, xv, and xo represent the bass, drums, vocals, and other sources, respectively.

Then, a model g is trained to obtain each source using the mixed signal and parameters θ:

xs = g(x, θ) (3)

On a Dataset D, the parameters of the model g need to minimize the loss. In this way, the

mathematical model of Demucs is obtained as follows:

min
θ

∑
x∈D

S∑
s=1

L(g(x; θ),xs) (4)
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B-2. Time Domain Architecture

Convolutional Encoders and Decoders Convoluting is an effective way to extract features from

local regions of a signal. In the Hybrid Transformer Demucs architecture, 4 convolutional layers

are used for both the encoder and decoder. Figure 6 illustrates the convolution process. The

K=8
S=4

GELU

Conv1d

C
o
n
v
1

d K=1
S=1
Cout =2Cout

GLU

Encoderi+1Decoderi

Skip connection 

Fig 6: The convolution process.

input signal is first transformed into a waveform representation and sampled in time. Assume this

generates a matrix of shape [C, T ], where C is the number of input channels and T is the number of

time steps. The input and output channels of each block are denoted by Cin and Cout, respectively.

In most contexts, the number of channels is 2 for stereo audio. In this way, C0 = C = 2. Then,

48 one-dimensional convolution kernels of size K = 8 and stride S = 4 are applied to the [2, T ]

matrix, resulting in an output matrix of shape [48, T
4
]. Here, the output channels are increased to

48 (C1 = 48), representing more complex features. After Layer Normalization, which makes the
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feature distribution of each sample more stable, the output is activated by the GELU function [25]:

f(x) = x · Φ(x) (5)

where Φ(x) is the cumulative distribution function of the standard normal distribution. The original

Demucs model used the ReLU activation function, but with a smoother transition, GELU makes

the model more capable of learning. Then architecture uses a GLU function [13] to adjust the

“pass-through rate” for different input features. Before the GLU function, the output is divided

into two parts: x1 and x2, where x1 is used as the content stream and x2 is used as the control

stream. The control stream is passed through a sigmoid function to generate a gating mechanism,

and then performed element-wise multiplication with the content stream:

GLU(x) = x1

⊗
σ(x2) (6)

It can be seen that this requires double the number of channels. Therefore, the output of the GELU

block is convoluted again using a kernel of size K = 1 and stride S = 1 to double the channels.

This process is then repeated for the next three blocks, with the number of channels doubled

each time (Ci = 2Ci−1). In the last block, Cout is equal to 384.

The decoder adapts the symmetric structure of the encoder. In essence, the encoders learn

the features of the input signal, while the decoders transform the features back into the waveform

representation.

U-Net Skip Connections The model uses skip connections similar to those in Wave-U-Net [31].

In the context of Music, phase information is more difficult to reconstruct. The skip connections
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make the phase representation directly available to the decoder. Additionally, in the symmetric

structure of corresponding encoder and decoder layers, features are maintained. This allows the

decoder to understand both superficial and abstract features. Different from the original U-Net,

the Demucs model employs transposed convolutions instead of linear interpolation combined with

standard convolutions. This reduces the computation and memory requirements to 1/4 of the orig-

inal.

Loss Function For the loss function in Equation 4, two functions are tested: L1 and L2:

L1(g(x; θ),xs) =
1

T

T∑
t=1

|g(x; θ)− xs|

L2(g(x; θ),xs) =
1

T

T∑
t=1

(g(x; θ)− xs)
2

(7)

Ablation experiments from the original research show that the performance difference between

the two loss functions is not significant, and chose L1 as the loss function [18]. But this study uses

L2 (Mean Squared Error) as the loss function. The reason will be discussed in Section C..

Shifting Strategy For a signal in music, an important characteristic is that a shift in time does

not affect the judgment of its features. For example, a drum sound can be recognized as a drum, no

matter it occurs sooner or later. Therefore, a change of the inputs signals in the mix will result in

the same change in the outputs. This is also called time equivalence [38]. Based on this property, a

shifting strategy is used. The model shifts the mix signal multiple times, and then takes the average

of each separation result as the final output. This results in some extra computing expenses but

brings 0.3 dB improvement in the Signal-to-Distortion Ratio score [18].
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B-3. Frequency Domain Architecture

The time domain design can capture transient information in audio signals, such as drum strikes.

However, for sustained characteristics such as pitch and harmony, the frequency domain design

can better capture these features. The proposed model combines the two domains and achieves

strong performance [46].

As shown in Figure 7, time and frequency branches shares the same inner layer. Therefore, the

spectral branch needs to align with the temporal branch. The parameters in the frequency domain

are designed to exactly match those in the time domain.

TEncoder4

ZEncoder4

Same
Size

Information Exchange
(Transformer)

TDecoder4

ZDecoder4

Fig 7: The collaboration of time and frequency domains.

Spectral Convolutions

Non-negative Matrix Factorization To convert the input audio into a time-frequency represen-

tation, the Short-Time Fourier Transform (Short-Time Fourier Transform) is applied before the

convolutional layers. 4096 points are used for the Short-Time Fourier Transform in the frequency

domain branch, with a hop length of 1024.

Frequency Embedding One important aspect of this is that signals differs greatly in high and

low frequencies. That is to say, music does not have the same translational invariance in frequency
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as it does in time. As a solution, Demucs uses frequency embedding to assign an “identity label”

to each frequency component. And the labels of frequencies that are close to each other on the

frequency axis are similar.

Padding In the convoluting process, paddings are applied to ensure that the output dimensions

match those of the waveform domain. If the input length is L and padding P is applied, the output

of the convolution will be L−K+2P
S

+ 1. In order to achieve an output length of L
S

, the padding P

needs to be K−S
2

[35].

Convoluting In the time-frequency matrix, Demucs uses a special convolution method, which

performs 2D convolutions along the frequency axis instead of the time axis. For an Short-Time

Fourier Transform input window of length N , N
2
+ 1 frequency points are generated. The highest

point was dropped to make the number of frequency points a power of 2. Consequently, the input

Cin of the first layer is 2048 frequency points. After performing the same channel operations as in

the time domain, the output of the fourth layer is also 384 channels. The output of is then fed into

a Cross-Domain Transformer module, which will later be discussed Section B-4..

The remaining part of the frequency domain adopts the same U-Net structure as the time domain.

In the last layer, the outputs of the two domains are combined.

B-4. Cross-Domain Transformer

The latest version of Demucs replaces the BiLSTM with a Transformer, which enhances the

model’s ability to understand longer audio sequences. The innovative point is that two kinds of

attention mechanisms, self-attention and cross-attention, are used in a complementary way.
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Fig 8: Illustration of the Transformer architecture used in Demucs.

Self-Attention In each domain, the self-attention mechanism is used to discover specific patterns

in the music signal. When similar patterns are encountered again, the model can better separate

them.

Cross-Attention The cross-attention mechanism allows the time and frequency domain infor-

mation to communicate with each other. In the time-to-frequency direction, the waveform features

are used as Query, while the spectral features are used as Key and Value. In the frequency-to-time

direction, the spectral features are used as Query, while the waveform features are used as Key and

Value.

Additionally, Hybrid Transformer Demucs utilises a sparse attention mechanism that employs

Locality-Sensitive Hashing (LSH) to identify the most relevant positions. It only computes the 10%

most relevant connections while ignoring the 90% less relevant ones. This significantly reduces

computational pressure.

However, it is essential to note that more data is required to fully use these advantages, which

is consistent with findings in other fields.
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C. Rationale for Gaussian Noise Injection

To address noise issues in models, many approaches choose to add a neural network for denoising

before the Music Source Separation model. However, this approach has several potential draw-

backs. The preliminary denoising network might remove signal features that are crucial for the

separation task. Additionally, cascading two models increases computational overhead, and will

result in worse performance compared with directly incorporating noise into the Music Source

Separation model training. For instance, Nazare et al. [47] compared preliminary denoising versus

noise injection training methods, and proves the effectiveness of the latter. Goodfellow et al. also

mentioned in their well-known deep learning book [21] that applying noise to the input is a method

to enhance model robustness.

Previous study have shown a significant preference for optimizing models using Gaussian noise

in the training phase [23, 33]. In audio tasks, the use of Gaussian noise injection also has its

advantages.

Optimal Statistical Properties Gaussian noise has optimal properties in mathematical theory.

This can be explained using Maximum Likelihood Estimation (Maximum Likelihood Estimation).

For many objective functions, the Gaussian noise assumption leads to Maximum Likelihood Esti-

mation [66]. If the noise in the data follows a Gaussian distribution, a mathematical “coincidence”

occurs: Assume the true value is µ, and the observed value is x = µ + ε, where ε ∼ N(0, σ2)

(i.e., the noise follows a normal distribution with mean 0 and variance σ2). In this case, finding

the Maximum Likelihood Estimation is equivalent to minimizing the Mean Squared Error (Mean
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Squared Error):

MLE ⇔ MSE =
n∑

i=1

(yi − ŷi)
2 (8)

This provides a theoretical basis for using the Mean Squared Error loss function.

Natural Distribution Characteristics In nature, noise is often the result of the superposition of

multiple random processes. For traditional methods based on Short-Time Fourier Transform, the

spectral coefficients are often treated as complex Gaussian distribution and are independent of each

other [24, 71]. In statistical terms, they are also often considered as additive independent random

processes. Therefore, generally noise is the sum of multiple independent sources, the Central Limit

Theorem ensures that the observed noise process tends to follow a Gaussian distribution [24]. From

a mathematical perspective, Gaussian noise is only determined by mean and variance, making it

the Maximum Entropy Probability Distribution [70].

Training Stability During the model training process, overfitting is a common issue. The in-

troduction of Gaussian noise serves as a regularization technique, and enhances the model’s gen-

eralisation capabilities. Multiple studies have demonstrated that introducing Gaussian noise to

training phase is mathematically equivalent to incorporating penalty terms into the model’s loss

function [54, 42, 6, 2, 22]. Additionally, in deep neural networks, particularly in generative adver-

sarial networks, Gaussian noise is often used to enhance training stability [61, 57, 56]. For general

deep neural networks, training with Gaussian noise enables the model to adapt to various forms of

perturbations beyond Gaussian noise [71].

This section has introduced the architecture of the Hybrid Transformer Demucs model and

the theoretical basis for Gaussian noise injection. From the perspective of model architecture, it
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analyzes how Hybrid Transformer Demucs combines time-domain and frequency-domain process-

ing to capture multidimensional audio characteristics, and how the Transformer module facilitates

information exchange between the two branches. The discussion of Gaussian noise injection pro-

vides the basis for treating noise-stable fine-tuning as a lightweight adaptation strategy for an

LLM-facing music perception interface.

IV. Implementation

This section describes the experimental design and implementation details, including the experi-

mental environment, dataset selection, noise injection mechanism, training details, and evaluation

metrics. The experimental design emphasizes the implementation and parameter settings of Gaus-

sian noise injection in order to evaluate whether training-time perturbation improves the robustness

of the music source separation interface under noisy input conditions.

A. Experimental Environment and Dataset

Fine-tuning experiments were conducted on an Nvidia A100 GPU with 40GB of memory using

single-precision format. Evaluation was performed separately on an Nvidia 3060 12GB GPU. This

separation of training and evaluation allowed the same evaluation protocol to be applied consis-

tently to all fine-tuned models.

The dataset used in this study is MUSDB18-HQ [53], which contains 150 full-length songs

from various genres. It consists of 100 training songs and 50 test songs. Each song includes five

uncompressed stereo WAV files: mixture, drums, bass, other, and vocals, sampled at 44.1kHz. This

stem structure matches the LLM-facing interface formulation in this paper, where separated vocals,

drums, bass, and other stems are interpreted as musical evidence for downstream understanding.
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Alternative datasets were considered but not used in the reported experiments. MoisesDB [50]

provides a larger six-track setup, which is less directly aligned with the four-stem MUSDB18-

HQ configuration used by Hybrid Transformer Demucs. WHAM! [69] was also considered as

a source of external noise, but its short noise segments and partial music contamination would

require additional preprocessing. Therefore, this study uses controlled Gaussian perturbations to

isolate the effect of noise injection strategy.

B. Noise Injection

Noise injection is implemented through a GaussianNoiseWrapper class, following the wrap-

per pattern used by other Demucs data augmentation modules such as RepitchedWrapper.

The wrapper injects noise when samples are loaded, so the original MUSDB18-HQ files remain

unchanged.

The main parameters are variance, proba, apply_to_mix, and apply_to_sources.

The variance parameter controls noise intensity, while proba controls how often a sample is

perturbed during training. The two target parameters define the two strategies compared in this

paper: mixture-only injection and mixture-and-source injection. Mixture-only injection simulates

noisy input with clean target evidence, whereas mixture-and-source injection corrupts both the

input mixture and the target stems.

The evaluation pipeline can also add controlled noise to test samples independently of training.

This allows the same baseline and fine-tuned models to be compared under different noisy input

conditions.
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C. Training Details

The training process uses the PyTorch implementation of Demucs [16], and experiments are man-

aged with Dora [15]. Each experiment is identified by a unique signature determined by its hyper-

parameter configuration, which supports reproducible grid evaluation.

Following the architecture described in Section B., music data is processed in both time and

frequency domains, encoded by convolutional layers, passed through Transformer layers, and de-

coded through skip-connected decoders. Fine-tuning starts from the pre-trained htdemucsmodel

with experiment signature 955717e8.

Preliminary inspection showed that noise variance above 0.15 heavily obscured the original

musical structure in both listening and waveform/spectrogram analysis. The main experiments

therefore use smaller variance values to study robustness adaptation without completely masking

the source characteristics.

Fig 9: Waveform of the Music, with excessive variance (0.25) of noise injected.

The experimental design contains two noise injection categories: mixture-only injection and

mixture-and-source injection. For each category, five variance levels (0.001, 0.003, 0.005, 0.01,
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(a) Original Spectrogram (b) Excessive Noise Injected
Fig 10: Comparison of Spectrograms with Excessive Noise Injected

0.02) were combined with three injection probabilities (0.4, 0.6, 0.8), resulting in 30 fine-tuned

models.

Table 2: Model Configurations with Different Noise Injection Strategies
Target Var. Prob. Signature

Mix & Source

0.001
0.8 326b0d1f
0.6 d1148df2
0.4 344803ff

0.003
0.8 6eece43f
0.6 e0b3313c
0.4 7df26c74

0.005
0.8 2d3035dd
0.6 debf633b
0.4 16862099

0.01
0.8 f3b99dbf
0.6 67284ea1
0.4 c9d88364

0.02
0.8 c611a32a
0.6 d6900f95
0.4 6c20752c

Target Var. Prob. Signature

Mix Only

0.001
0.8 bd243b64
0.6 856fe329
0.4 d49b2b74

0.003
0.8 f87be88f
0.6 aa3b6ebb
0.4 292a7207

0.005
0.8 db03d81b
0.6 b5061298
0.4 b9dd3bb4

0.01
0.8 114aeffd
0.6 21d70436
0.4 b1ff6312

0.02
0.8 14b72251
0.6 1e679987
0.4 7bbbe888

Table 2 records the relationship between each experimental configuration and its corresponding

signature.

All fine-tuning experiments reached their minimum loss at approximately 95 iterations (Fig-

ure 11). The same early-stopping point was therefore used across fine-tuning runs to keep the
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comparison consistent.

Fig 11: Loss Curve of the Training Process. Note the location of the lowest point.

D. Evaluation Metrics

The Signal-to-Distortion Ratio (Signal-to-Distortion Ratio) is proposed by Vincent et al. [65]. It

was calculated as:

SDR = 10 log10

∑
n ∥x (n) ∥2 + ϵ∑

n ∥x (n)− x̂ (n) ∥2 + ϵ
, (9)

where x is the original source, x̂ is the estimated source, and ϵ = 10−7 is a small constant to avoid

zero division.

SiSEC 2018 [59] introduced the BSS Eval v4 as the toolbox for evaluating Blind Source

Separation, which is also the evaluation metrics of the Hybrid Transformer Demucs paper [55].

This method calculates the Signal-to-Distortion Ratio for each frame of one second in the whole

song and takes the median of all frames as the final Signal-to-Distortion Ratio result.
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However, BSS Eval v4 is very computationally expensive. Therefore, this study uses the

“global SDR” proposed in MDX 2021 instead. The global Signal-to-Distortion Ratio directly

uses Equation 9 and calculates the Signal-to-Distortion Ratio for the entire song. According to

experiments, this metrics is highly correlated with BSS Eval v4, reaching 0.9 [46], so it can

be used. The Signal-to-Distortion Ratio of the whole song is calculated as the average of the

Signal-to-Distortion Ratio of each source.

SDR =
1

4
(SDRb + SDRd + SDRv + SDRo) (10)

The Signal-to-Distortion Ratio mentioned later in this paper refers to this global SDR. To distin-

guish it from the BSS Eval v4, it is referred to as Global SDR.

Each model in Table 2 that was obtained from fine-tuning was evaluated using Global SDR.

The evaluation process also introduces noise injection parameters that are the same as those used

during training, but is independent of the parameters of the training process. It was observed

that the “average Signal-to-Distortion Ratio” metric fluctuated more significantly. This is possibly

related to the diversity of the testing samples. Therefore, the median of the Signal-to-Distortion

Ratio was used as the final evaluation metric. 150 evaluations was performed.

This section describes the experimental design and implementation details. It introduces the

hardware environment and the MUSDB18-HQ dataset, explains the rationale for selecting this

dataset over alternatives, and describes the implementation mechanism of Gaussian noise injection,

including the design of the GaussianNoiseWrapper class and its parameter configuration options.

It also discusses model initialization, early stopping during fine-tuning, the noise parameter ranges

determined through preliminary testing, and the adoption of global Signal-to-Distortion Ratio as
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the evaluation metric. These details provide the basis for analyzing the robustness of the LLM-

facing music source separation interface.

V. Experiment Results and Analysis

This section evaluates whether Gaussian noise injection improves the robustness of the music

source separation interface and analyzes how different noise parameters affect stem-level evidence

quality.

A music clip of 27 seconds is used to demonstrate the performance of the model. Figure 12

shows the spectrogram and waveform of the original music clip, while Figure 13 and 14 shows the

separated results.

(a) spectrogram (b) waveform
Fig 12: Waveform and spectrogram of the mixed audio injected with noise.

A. Quantitative results

To visually compare the effects of different noise injection strategies, two heatmaps (Figure 15)

were generated for two experimental scenarios: noise injection to both mixture and source tracks

(Scenario-to both, blue heatmap) and noise injection solely to the mixture track (Scenario-to mix,
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(a) bass (b) drums

(c) vocals (d) other
Fig 13: Spectrograms of the separated stems.

green heatmap). These heatmaps report Global SDR across different noise parameter combina-

tions. In the proposed LLM-facing interpretation, these scores are used as a proxy for the stability

of stem-level musical evidence under noisy input conditions. Analysis of the heatmaps reveals

that changes caused by parameter variations are generally smooth, without obvious anomalies or

discontinuities. This suggests that the robustness effect of noise injection is not random, but is

systematically related to the injection probability, variance, and target of perturbation.

Baseline Interface Robustness The baseline model’s Global SDR exhibits a clear downward

trend as test noise intensity increases, indicating that the quality of extracted stem-level evidence

degrades under noisy input conditions. This degradation matters for an LLM-facing perception

interface because residual interference in vocals, drums, bass, or accompaniment can affect the
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Fig 14: Waveforms of the separated stems.

reliability of downstream music understanding. The two injection settings also reveal different

robustness patterns: in Scenario-to both, the baseline model shows a performance decline of 0.37

dB from the lowest to the highest noise intensity, whereas in Scenario-to mix, the baseline outper-

forms most fine-tuned models.

Fine-tuned Interface Robustness The fine-tuned models are also affected by variations in test

noise intensity, but the mixture-only strategy shows a clearer robustness benefit. Results indi-

cate that models trained with higher injection probabilities (0.8) typically outperform those trained

with lower probabilities (0.4), suggesting that frequent exposure to noisy mixtures can improve

the stability of the separation interface. Figure 16 also shows that, when the injection probability

is fixed, changing the noise variance does not produce a simple linear effect. This indicates that
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Fig 15: Heatmaps of Signal-to-Distortion Ratio performance metrics for different noise injection
strategies.

robustness adaptation depends on both the amount and consistency of training-time perturbation.

Among all experimental configurations, the model fine-tuned with a noise injection probability of

0.8 and variance of 0.001 achieves the highest Global SDR values across the tested noise condi-

tions. Therefore, this configuration is selected as the top-performing interface configuration within

the evaluated parameter grid.

Best Interface Configuration For this configuration, robustness exceeds the baseline across the

tested noise intensity levels. Under high-intensity noise conditions, the improvement in Global

SDR compared with the baseline reaches 0.12 dB. The absolute gain is modest, but it is obtained

without changing the model architecture or adding inference-time computation. From the perspec-
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Fig 16: Performance comparison of the baseline and fine-tuned models under different noise con-
ditions.

tive of an LLM-facing music perception interface, this result suggests that training-time mixture

perturbation can make stem-level evidence slightly more stable when the input mixture is noisy.

B. Analysis of the Results

B-1. Human Auditory Perception

Since the quality of music separation is highly subjective, this section discusses audible phenomena

observed during inspection rather than presenting a full perceptual listening study.

Although Global SDR improves slightly, the perceptual experience still differs across stems.

Drums and bass generally maintain clearer auditory structure, which is important because these

stems provide rhythm, groove, and low-frequency evidence for music understanding. In contrast,

noticeable flaws remain in vocals and other instrument tracks, such as drum attack sounds appear-

ing in the vocal track or vocal fragments leaking into the accompaniment track. For an LLM-facing

interface, these errors are meaningful because vocals are closely related to lyrics and singing voice
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understanding, while accompaniment leakage can distort harmonic and timbral evidence. When

the noise intensity increases beyond 0.3, these flaws become more pronounced and the separated

stems gradually trend toward a muddled sound. This suggests that noise disrupts both transient

and long-term musical relationships, which in turn affects the reliability of the extracted evidence.

B-2. Impact of Noise on Inference Phase

While numerous studies on noise injection have been conducted in the image domain [57, 47],

Gaussian noise in audio exhibits a series of distinctive characteristics. First, audio signals typi-

cally demonstrate non-stationary characteristics, meaning that noise effects may vary consider-

ably across different time segments. Second, real-world audio noise usually demonstrate obvious

frequency-dependent characteristics, such as noise from electrical interference or friction. Further-

more, audio signals are extremely sensitive to phase perturbations. A small phase shift can mean

the difference between a clear and blurry sound, or the position of a sound source in stereo cases.

Gaussian noise simultaneously affects both amplitude and phase information. From a perceptual

perspective, noise in different frequency bands can have different impacts on auditory quality, with

noise in critical bands such as human voice frequencies often having a stronger effect on perceived

quality.

Concerning the Hybrid Transformer Demucs model itself, some noise-resistant capabilities are

inherently in its design. As discussed in Section B., Demucs processes time and frequency domain

features simultaneously, allowing temporal disturbances and noise to potentially be smoothed or

filtered in the frequency domain representation, vice versa. More significantly, the Transformer ar-

chitecture at the model’s core is proved to have, to some extent, noise resistance capabilities [5, 10].

Transformers utilise a self-attention mechanism to capture long-range dependencies, thus enables
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the model to focus on important features while filtering out noise interference when processing

noisy inputs, and therefore enhancing model robustness. This is one of the reasons why only

hybrid models are considered in Section D-3..

The core advantage of Transformer architecture lies in its distinctive self-attention mechanism,

which captures long-range dependencies within input sequences. This enables the model to dy-

namically focus on truly important features while disregarding noise interference when processing

noisy inputs, fundamentally enhancing model robustness. In audio separation tasks, this character-

istic is particularly valuable, as musical signals typically contain complex patterns and structures

spanning multiple time steps, and the Transformer architecture excels at capturing these long-range

correlations.

B-3. Analysis on Noise Injection Strategy

The experimental results revealed an intriguing phenomenon requiring deeper analysis: in the

Scenario-to both condition (where noise was injected into both mix and source tracks), the fine-

tuned models unexpectedly exhibited reduced robustness. This strategy was initially considered

because fine-tuning was expected to help the model recover “clean stems” from noisy mixtures.

The counterintuitive outcome can be analysed as follows:

The main reason is the task inconsistency introduced by different noise targets. In the mixture-

only setting, the model receives a noisy mixture while the reference sources remain clean. This is

aligned with the LLM-facing interface objective: the input may be noisy, but the desired evidence

for downstream reasoning should be as clean and source-specific as possible. In contrast, the

mixture-and-source setting also corrupts the target stems. This weakens the clean reconstruction

objective and can teach the model to reproduce noisy evidence rather than recover clean musical
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cues.

This interpretation is related to the idea of noise stability regularization, where robustness de-

pends on controlling the discrepancy between perturbed inputs and desired outputs [27]. It is also

consistent with findings that mismatches between training and testing noise patterns can reduce

model adaptability [68]. In this study, the key issue is not only whether noise is present, but

whether the training target represents the clean stem-level evidence expected by the downstream

interface.

The mixture-and-source setting also introduces a clear target distribution shift. If the target

stems are noisy during fine-tuning, the model is optimized toward a different evidence distribution

from the clean stems used as the desired interface output. For music-aware multimodal systems,

this matters because language-level reasoning benefits from stable and interpretable evidence: vo-

cals should preserve lyrical content, drums and bass should preserve rhythmic structure, and ac-

companiment should preserve harmonic and timbral context. The mixture-only strategy better

matches this requirement by simulating noisy input while preserving clean target evidence.

C. Limitations

As shown in Table 1, besides MUSDB-18, Hybrid Transformer Demucs is trained with an extra

800 songs. These songs are obtained from a meticulous process to ensure data diversity and qual-

ity [55]. However, because the extra data is not publicly available, and copyright-free music data

is very rare, this study only uses the MUSDB-18 dataset for training and testing. This process may

not fully perform the model’s capabilities, because Transformers are known to be “data-hungry”

architectures [41]. The original model seen a significant drop in Signal-to-Distortion Ratio if not

trained with the extra data [55].
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During noise addition, the noise is evenly distributed across all four stems, which is a simplified

assumption. In reality, as shown in 13, the separated results indicate that noise is primarily directed

to the “other” category. The question of how to appropriately distribute noise requires further

research. Some papers have explored more sophisticated noise allocation methods, such as the

masking approach implemented by Microsoft in [9].

Furthermore, due to computational resource and budget constraints, the granularity chosen for

training and evaluation processes was not sufficiently detailed. With additional resources, a more

specific analysis of impact trends might have been possible.

This section evaluates the effectiveness of noise injection training methods for music source

separation through quantitative analysis and qualitative assessment. Heat maps visualize exper-

imental results from two primary noise injection strategies: injecting noise solely into mixture

tracks and injecting noise simultaneously into mixture and source tracks. The analysis shows

clear differences between the two strategies. In the “Scenario-to both” setting, the baseline model

outperforms most fine-tuned models. In the “Scenario-to mix” context, a model fine-tuned with

0.8 probability and 0.001 variance parameters achieves the highest Global SDR among the tested

configurations, with improvements particularly visible under high-intensity noise conditions.

Perceptual analysis indicates that despite improvements in Signal-to-Distortion Ratio metrics,

noticeable imperfections persist in vocal and other instrument tracks. The discussion explores the

distinctive characteristics of audio-domain noise and highlights how the inherent noise-resistant

capabilities of the Transformer architecture may contribute to robust performance. The under-

performance of the “Scenario-to both” strategy is attributed primarily to inconsistencies between

training and testing objectives, as well as data distribution shifts.
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VI. Conclusions and Future Work

This section summarizes the findings and outlines future directions.

A. Conclusions

This paper studies robust music source separation as an LLM-facing perception interface for music-

aware multimodal systems. The central motivation is that language-level reasoning about lyrics,

vocals, instrumentation, rhythm, and performance characteristics depends on stable stem-level mu-

sical evidence extracted from noisy and polyphonic music inputs.

Using Hybrid Transformer Demucs as the baseline separation interface, Gaussian noise in-

jection was evaluated as a lightweight training-time adaptation strategy. The experiments show

that injecting noise only into mixture tracks is more effective than injecting noise into both mix-

ture and source tracks. The best mixture-only configuration, with noise probability 0.8 and vari-

ance 0.001, provides a small but consistent improvement in source-to-distortion ratio under high-

intensity noisy test conditions.

These results suggest that when music source separation is used as an evidence extraction inter-

face, preserving clean target stems during training is important. Noise injected into both the input

mixture and the target stems can weaken the clean reconstruction objective and reduce robustness

under noisy inference conditions. The proposed approach does not alter the Hybrid Transformer

Demucs architecture and does not introduce additional inference cost, making it suitable as an

input-side robustness adaptation strategy for future music-aware multimodal large language model

pipelines.

This study does not claim to directly train or improve a language model. Instead, it improves the

robustness of the music perception component that can provide stem-level evidence to downstream
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audio encoders and language reasoning modules.

B. Future Work

Realistic Noise and Acoustic Conditions While this study demonstrates the usefulness of Gaus-

sian noise injection, real music recordings often contain more complex perturbations, including

audience noise, room reverberation, microphone artefacts, compression distortion, and frequency-

dependent coloured noise. Future work should evaluate whether Gaussian-noise adaptation gener-

alizes to these conditions. A useful next step would be to construct noisy MUSDB18-HQ variants

with real environmental noise and multiple signal-to-noise ratio levels, then compare clean-test

and noisy-test performance across the same mixture-only and mixture-and-source strategies.

Stem-Aware Noise Distribution Strategies This study shows that different noise allocation

methods affect the quality of extracted stem-level evidence. Future research could therefore ex-

plore stem-aware or frequency-aware noise injection strategies. Vocals may require stronger pro-

tection because they carry lyrical and singing voice evidence, whereas drums and bass may require

preservation of transient and low-frequency rhythmic cues. Human auditory perception models

could also be used to prioritize frequency bands that are important for downstream music under-

standing.

LLM-Facing Downstream Proxy Evaluation The present work uses Global SDR as a proxy

for stem-level musical evidence quality. Future work should connect the separation interface to

downstream music-understanding tasks more directly. Possible proxy evaluations include lyrics or

singing voice recognition on separated vocal stems, music tagging consistency on separated stems,

audio-language retrieval using contrastive audio-language models, and multimodal music question

40



International Journal of Information Technology Vol. 31 No. 1 2025

answering. These evaluations would test whether more robust source separation improves not

only acoustic reconstruction quality, but also the usefulness of extracted evidence for music-aware

multimodal large language model pipelines.

Integration with Multimodal Music Systems Future studies could integrate the robust sepa-

ration interface with audio encoders and language reasoning modules in an end-to-end music un-

derstanding pipeline. Such systems could compare raw noisy mixtures, baseline separated stems,

and noise-adapted separated stems as inputs to the same downstream model. This would allow a

clearer assessment of when front-end robustness improves language-level reasoning, while keep-

ing the boundary clear between improving the perception interface and improving the language

model itself.
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[17] Alexandre Défossez, Yossi Adi, and Gabriel Synnaeve. Differentiable Model Compression

via Pseudo Quantization Noise, October 2022.
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