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Abstract

Language-queried audio source separation (LASS) enables on-demand sound extraction of
sound sources using natural language queries overcoming limitations in traditional audio
source separation systems. In this work, we propose a language-queried audio source
separation architecture integrating two major innovations: a cross attention driven
ResUNet++ with multi scale receptive fields (via Atrous Spatial Pyramid Pooling), channel
wise attention(Squeeze and Excitation block) and residual connections to integrate FLAN-T5
text embedding with audio features; Cosine similarity filtering to suppress overly similar
mixture target pairs that might hinder the training. We trained our model on Clotho dataset
derived mixtures and evaluated on its test set using state of the art metrics. Our system
achieves good separation quality with an SDR of 2.41 and SDRi of 8.37. This work presents
a lightweight, efficient framework for language-queried audio source separation compared to
current state of the art models.

Keywords: Language-queried audio source separation, Cross-Modal Attention, ResUNet++,
Cosine similarity filtering, Phase-aware reconstruction, computational efficiency.



Résumeé

La séparation de sources audio avec requéte en langage naturel (LASS) permet I'extraction
de sources sonores a l'aide de requétes textuelles, surmontant ainsi les limitations des
systemes de séparation traditionnels. Cependant, les modeles existants souffrent toujours
d'inefficacité de calcul. Nous proposons une architecture de séparation de sources audio par
requéte en langage naturel, intégrant deux innovations majeurs : un ResUNet++ avec
attention croisée intégrée, des champs réceptifs multi échelle (Atrous Spatial Pyramid
Pooling), une attention par canal (block squeeze et excitation) et des connexions résiduelles
pour intégrer 'embedding, obtenu en utilisant FLAN-T5, aux caractéristiques audio; ainsi
qgu'un filtrage par similarité cosinus pour supprimer les paires mélange cible trop similaires.
Nous avons entrainé notre modéle sur des mélanges dérivés de Clotho et évalué sur un jeu
de données de test en utilisant des métriques d'évaluation modernes. Notre systéme a
atteint des performances notables en séparation avec un SDR de 2.41 et SDRi de 8.37. Ce
travail présente un cadre léger et efficace pour la séparation de sources audio par requéte
en langage naturel, comparé avec des modéles de I'état de I'art.

Mots-clés: Séparation des sources audio par requéte en langage, attention croisée
inter-modale, ResUNet++, filtrage par similarité cosinus, reconstruction sensible a la phase,
efficacité computationnelle.
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Introduction

Problem definition :

Audio source separation refers to the process of isolating individual sound sources from a
mixture of overlapping sounds. Its primary purpose is to automate the cocktail party effect
[1], the human ability to focus on a single auditory stream in a noisy environment. Audio
source separation has long relied on the use of statistical methods [2] [3]. However, over the
past decade, deep learning has rapidly taken over the field. Many approaches developed,
each addressing specific characteristics of the source signals. For example, in music
separation, models are designed to disentangle musical instruments and vocals [4] [5] [6] [7]
whereas in speech separation, the focus is on extracting a speaker's voice from other
speech or from noise [8] [9]. A broader category, known as universal sound separation, aims
to handle a variety of sources, separating any type of source from a mixture [10].

Building on these foundational methods, recent research introduced query based audio
source separation, which leverages additional modalities such as an image, an audio or a
text to guide the separation of a target audio source from a mixture.

Studies have shown that employing text as the guiding modality, a process commonly known
as language-queried audio source separation (LASS), showed better results to this day [11],
and prove to be more efficient and practical over the other modalities [12]. Unlike earlier
methods that attempt to separate multiple sources simultaneously, LASS focuses on
extracting a single target source conditioned on its corresponding query, reducing the
difficulty of the task considering the increasing number of sounds in real world mixtures.
While previous approaches utilized categorical labels as queries, they showed poor results
as the information they provided were limited and could not fully describe the real world
audio [13]. In contrast, natural language queries offer rich and detailed descriptions that help
the system learn fine grained audio features, ultimately surpassing the performance of
traditional audio source separation methods [14] [15].

A typical language-queried audio source separation undergoes three major steps. First,
audio mixture processing and query encoding, where the audio input is transformed to a time
frequency representation and a query is encoded into text embeddings. Second, the fusion
of text modalities with audio features into the neural separator to predict a time frequency
mask. Finally, the mask is applied on the mixture spectrogram to get the predicted
spectrogram, we apply an audio reconstruction technique to recover the original waveform.

However, several challenges remain, one major issue is the subjectivity of language queries,
the same sound can be interpreted differently from one individual to another, resulting in
different predictions [14]. Additionally, the model requires a fusion technique to link the
modalities of different nature. The choice of this technique plays a big part for good
separation results.



Contribution :

Although state of the art language-queried audio source separations systems achieve
impressive performance [18][88][89], they require significant computational resources and
specialized hardware. We propose a computationally efficient and optimized approach
adaptable to consumer grade PCs while maintaining good separation results. Our main
contributions to the language-queried audio source separation task consists of :

Architectural innovation: We extend the ResUNet++ [16] backbone to the
language-queried separation task by inserting cross-attention blocks that tightly fuse audio
and text features.

Data preparation for efficient training: We apply cosine-similarity thresholding to remove
mixture audios where the mixture and target spectrograms are overly similar, improving
robustness.

Thesis organisation :

This master thesis is categorized into five chapters to establish a comprehensive foundation,
propose our solution, and evaluate its efficacy for language-queried audio source separation.
Chapter 1 introduces the evolution of audio source separation into language guided audio
source separation, then it delves into core audio representation concepts, preprocessing
techniques and feature extraction. Chapter 2 details deep learning fundamentals we relied
on in our model, covering artificial neural networks, convolutional architecture (UNet,
ResUNet++), transformer based natural language processors, and the cross modal fusion
technique. In chapter 3, we conduct a thorough study over the previous models for the task
and datasets and evaluation metrics adapted. Chapter 4 presents the proposed solution,
integrating FLAN-T5 for text encoding, a cross attention enhanced ResUNet++ for query
conditioned audio separation and a phase aware iSTFT for audio waveform reconstruction.
Finally chapter 5 dives into the practical details, the choice of dataset for audio mixtures, the
libraries and tools we leveraged and training setups as well as the evaluation results
obtained.

We conclude our work with summarizing the results of our contributions, limitations and
future work.
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Chapter 1 : Introduction to Audio
Representation and Separation

1.1.  Introduction:

Audio source separation has long been a fundamental challenge in audio signal processing,
evolving from purely statistical models to today’s powerful deep learning architectures [17].
While state of the art neural separators have shown significant progress, they still face
challenges with separating an unknown number of sound sources from a mixture [18].
Language-conditioned guidance alleviates these difficulties by fusing related text-audio pairs
and enabling on-demand extraction of any specific sound source [14]. While
language-conditioned models have demonstrated improved performance in audio separation
tasks, it is important to walk through the audio preprocessing pipeline to understand how the
audio is prepared through different steps.

In this chapter, we start by tracing the evolution of audio source separation and introduce
language-queried audio separation; then we will explore the audio preprocessing pipeline
starting from fundamental acoustic properties, waveform digitization methods, to
preprocessing techniques, and feature extraction.

1.2. Audio source separation

Audio source separation is the process of isolating an individual sound from a mixture of
sounds, with the goal of recovering the original separate sources as accurately as possible.
Audio source separation covers a wide scope of applications, from music remixing, forensics
analysis, to speech enhancement [19].

Earlier approaches relied on statistical methods, popular methods we include Independent
Component Analysis (ICA) [2], that unmixes audio sources by maximizing the statistical
independence between the estimated sources and Non-negative Matrix Factorization (NMF)
[3], which works with a spectrogram and decomposes it into patterns and activations.

However, due to their minimal training [20], these models struggle when applied to real world
data [21], and with the advent of deep learning, new models relying on neural networks have
seen the light of the day such as Conv-TasNet [9] for speech separation, and Demucs [22]
for music separation.

Although these models outperform previous traditional methods, they struggle with
separation precision due to the increase of overlapping sound sources in their mixture.
Some solutions attempted to solve the issue by using sound classes to guide the separation.
However, the information they provided was limited [14].
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1.3. Language-queried audio source separation

Language-queried audio source separation (LASS) is the task of extracting a specific audio
from a given mixture based on a provided query e.g. “focus on the man’s voice” [14]. LASS
aims to solve the limitations faced by traditional source separation systems, such as the
difficulty in handling a vast number of sound classes in the real-world applications when
multiple sources are presented at the same time, making it harder to obtain accurate
separation results [23]. Another limitation is the scope of the labels or categories in
traditional methods, as generally they fall within one domain, making it even harder to
extract. In contrast, Language-queried audio source separation offers full freedom when it
comes to the queries and can be seamlessly generalized to open domain scenarios due to
the unrestricted nature of its language descriptions [15]. Moreover, it enables a more
accurate separation process because the model focuses specifically on extracting the sound
described in the query [18].

Language-queried audio source separation models are useful in many applications, such as
automatic audio editing, multimedia content retrieval, controllable hearable devices, and
audio-augmented listening [14].

For language-queried audio separation models to properly function, the relationship between
the query and the relevant components of the input audio needs to be captured [3]. To
achieve that, the inserted audio must be pre-processed to enhance feature extraction,
allowing the model to focus on features that correspond to the query.

1.4. Audio preprocessing pipeline

1.4.1. Fundamental sound properties

Sound is the energy produced from a vibrating object. Its movements cause the surrounding
particles to bump into each other, creating a wave. The overall waves generated support
what is commonly known as a sound waveform. To distinguish different waveforms, we
need to introduce some characteristics to define how they behave [24]:

Frequency is defined as the number of complete oscillations per second; it is measured in
hertz. Humans perceive frequency as pitch, which is logarithmic in nature: doubling the
frequency raises the perceived pitch by one octave. In audio source separation frequency is
important to distinguish between overlapping sounds in mixtures [25].

Amplitude refers to the maximum displacement of a sound wave from its mean position.
Humans perceive this as loudness, the larger the amplitude the higher the energy that we
transfer [26].

1.4.2. Analog to digital conversion
Sound, as we perceive it, is an analog signal with infinite resolution on both time and

amplitude. Due to storage limits, it must be converted to a digital signal via sampling and
quantization:

12



Sampling involves taking data points from the sound wave at equidistant time intervals. The
sampling rate, defined as the number of data points per second, determines the accuracy of
the captured sound : the higher the sampling rate, the more of the sound resolution we're
preserving, whereas too low of a sampling rate can lead to sampling errors [27].

— x(t) * x[n] Sample times
1 : !
» N\ . :
/\.5./ \/ RN
—1 :
0.0 0.5 1.0 1.5 2.0 25

Time [seconds]

Figure 1.1 The process of sampling [28].

Quantization maps continuous amplitude values to a finite set of predetermined levels. The
precision of this process is determined by the number of bits used. A higher bit depth
increases the number of quantization levels which allows for capturing finer amplitude
resolution; a lower bit depth can introduce quantization errors [27].

1

0.5

=0.5

0 01 0.2 0.3 0.4 05 0.6 0.7 0.8 0.9 1

Figure 1.2 The process of quantization [29].
1.4.3. Preprocessing techniques

Before feeding the audio to the model, it is essential to pass it through a preprocessing
pipeline to ensure stable training. This includes standardizing all audio clips to the same
format, handling variable lengths by padding or truncating techniques to achieve a uniform
duration, resampling every clip to a consistent sample rate, and normalizing the amplitude so
that all signals are within the same range [30].

These steps ensure compatibility of the data characteristics and the consistency of both
spectral and temporal features across all instances making it ready for feature extraction that
we will explore for the remainder of this section.
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1.4.4. Feature extraction

Raw audio waveforms are time-domain representations providing only temporal features
However for a complex task like audio source separation which requires detailed frequency
information, this representation is insufficient. This is where the Fourier transform becomes
necessary:

The Fourier transform is a transition of an audio signal from its time representation into its
frequency representation. Mathematically it is a model that decomposes the signal into its
sinusoids (frequency) components. For each frequency, the transform multiplies the original
signal by the sine wave of the frequency component, effectively computing the net area of
the combined signals. This process outputs two values: a magnitude, which indicates how
strong the sine wave appears in the signal; and a phase that indicates the shift of the wave
within the original signal [31].

Figure 1.3 Fourier Transform process [32].

Although the Fourier transform reveals the signal's frequency components, it does not
retain when each of these frequencies occurs which is a major limitation in real world
audio. Audio data is dynamic by nature, it relies on the evolution of frequency components
over time and therefore we need a representation that encompasses both temporal and
frequency information.

Short-time fourier transform (STFT) addresses this problem by dividing the signal into
overlapping frames, where a window function slides across these frames applying the fourier
transform to each segment. Overlapping frames minimize the spectral leakage, which are
distortions caused by the abrupt cut of oscillations. To avoid redundancy introduced by these
fixes, a hop size parameter is added. However, the frame size involves a trade off : larger
frames improve frequency resolution but blur temporal details, while smaller frames sharpen
time resolution at the expense of spectral details. The STFT results in a spectrogram, a time
frequency domain representation of the signal [33].

14
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Figure 1.4 Short time fourier transform process [34].

Log spectrograms compress the dynamic range of linear spectrograms into a decibel
scaled amplitude to match the human perception of the loudness. Log spectrograms
preserve original frequency resolution and map extreme volumes into a perceptual range
preventing the drowning out of low energy features. Figure 1.5 below shows the impact of
log magnitude:

The Fourier magnitude spectrum of the window The Fourier log-spectrum of the window in decibel

20

Absolute Magnitude
Log-Magnitude (dB)

A Mo P A -

0 é lb 15 20 [ 5 10 15 20
Frequency (kHz) Frequency (kHz)

Figure 1.5 Comparison of linear and Log-Magnitude Spectra [35].

1.5. Conclusion

To summarize, Language-queried audio source separation emerged as a solution to fix the
issues that traditional source separation methods faced, through the incorporation of these
textual queries. To properly extract the desired sound, the audio must be properly
pre-processed. In addition to that, queries need to map to the correct target audio through
deep learning which is the focus of our next chapter.
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Chapter 2 : Deep learning for
Language-Queried Audio Source
Separation

2.1. Introduction

Language-queried audio source separation is enabled through foundational deep learning
techniques, which are presented in this chapter. We first present artificial neural networks
and their training mechanisms, such as backpropagation and gradient descent. Next, we
explore convolutional neural networks, focusing specifically on the U-Net architecture in
audio source separation. We then resume with natural language processing for
Language-queried audio source separation tasks, emphasizing on transformer models.
Finally, we explore fusion techniques, most specifically cross attention mechanisms, which
ensure that the query aligns with the corresponding audio components. These components
form the foundation of our architecture, which will be described later on in chapter 4 in detail.

2.2. Artificial neural networks

A neural network consists of vertically stacked layers, which are made of multiple neurons.
Within these neurons, there are adjustable parameters whose values evolve as the network
learns [36].They calculate the weighted sum of their input along with the weights associated
with them, then add a bias to it. Based on the result, an activation function will be applied or
not, depending on a defined threshold [37].

Activation functions determine how the weighted sum of the input is transformed into an
output in the neurons of a layer [38]. The most common ones are rectified linear activation
(ReLU), sigmoid activation, and hyperbolic tangent (Tanh).

Artificial neural networks can contain different types of layers, which perform different
transformations on their inputs [39]. Most of them are divided into three categories: the input
layers, the output layers, and the hidden layers.

Artificial neural networks can be used for different tasks in multiple fields. However, when it
comes to image processing, they reach their limitations; they cannot compete with
convolutional neural networks, which are renowned in this field [40].

Input Output

Hidden
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Figure 2.1. Architecture of an artificial neural network [41].
2.21. Training an ANN : Backpropagation, Gradient descent

Gradient descent is a popular optimization technique used to train a neural network. It
minimizes the loss function by iteratively adjusting the model’'s parameters, guided by the
negative gradient. The gradient is a partial derivative of the loss with respect to each
parameter, it indicates the direction of the steepest ascent of the loss and therefore by
moving against the gradient, the algorithm moves closer to the loss. The size of the descent
is determined by the learning rate hyper parameter, a too small of a learning rate can slow
the convergence of the model while with a much larger step we risk to skip the minimum.
Gradient descent does not guarantee the convergence to the global minimum, it may settle
at a local one if the loss function was non convex as shown in Figure 2.2 below [42].

Figure 2.2 The gradient descent process [43].

Backpropagation requires gradient descent; it is an algorithm that computes errors starting at
the output units and goes backward through the network layer by layer, while using the chain
rule of calculus. In each layer, it calculates the gradient descent for the weights of the
previous layer and repeats the process until the input layer is reached [44].

2.3. Convolutional based deep learning architectures

2.3.1. Convolutional neural network:

Convolutional neural networks (CNNs) deliver state-of-the-art performance across various
fields such as medicine, gaming, agriculture [45] , and for tasks such speech and music
source separation[46]. They are designed to automatically and adaptively learn spatial
hierarchies of features through the backpropagation algorithm [47].The architecture consists
of convolutional layers, pooling layers and fully-connected

17
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Figure 2.3 Architecture of a convolutional neural network [48].

CNN will take as input a spectrogram. This time frequency domain representation will go
through an operation called convolution, where a learnable kernel, with weights that will
evolve throughout training, will scan the spectrogram vertically and horizontally, computing
dot products between the kernel and the input [49].

Input Kernel Cufput

Fe=F == F =" F~"F" "7

10j0;050;0]

[ s Aot D384
vojol1]2jo0

e ~ 0]1 a|18]25(10
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| ) 213 2137|4316
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yojo0f05030

.....................

Figure 2.4 The convolution operation [50].

The stride and padding of a kernel control the overlap and the size of the output feature map
[51].

The resultant feature map will pass through a pooling layer. This latter aims to reduce its size
while keeping important features [52], through aggregation functions such as max pooling,
where the maximum value is chosen from our feature map. This operation also has a stride
parameter.

One Feature Map One Feature Map
el = | 2 S
5|(-2|2 |8 | Pooling [ 5[ 8 S|-2| 2| 8| Pooling | 2| 3
16|73 -1 7 -1(6)7 |3 4 || 4
4 lE-68 4 | 2 45 4 | 2 -
(a) Max-Pooling (b) Average-Pooling

Figure 2.5 Downsampling of the feature map [53].

The flattened result is then inserted into the fully connected layers to get the final output.
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2.3.2. UNet architecture for audio source separation

Built on the foundation of CNN, the UNet architecture was first proposed for biomedical
image segmentation [54], and since then has known wide adaptation to audio source
separation, specifically with time frequency domain features [55]. UNet as shown in Figure
2.6, has an encoder decoder structure, the encoder captures relevant information through
several blocks into a compact representation in the bottleneck of the architecture, while the
decoder reconstructs that abstract representation into the original input.

Multiply ‘
Inp‘ ‘ Output

Concat —
Concat
ConvaD Deconv2D

Concat
Conv2D Deconv2D
Concat
CorvaD Deconv2D

Concat
Conv2D % Deconv2D
Conv2D %

Figure 2.6 The UNet architecture for audio separation [56].

2.4. ResUNet plus plus

ResUNet++ as described in the original paper [16], is a neural network architecture that is
based on a deep residual UNet. It builds upon residual blocks, attention blocks, squeeze and
excitation as well as Atrous Spatial Pyramid Pooling [16].

2.41. Deep residual networks

Deep residual networks [57] address the problem of vanishing gradients introduced by
very deep UNets. It learns the residuals instead of the entire desired output by adding a skip
connection to connect a layer to further layers, facilitating the flow of gradient computations
during backpropagation. Figure 2.7 zooms inside a block of this architecture

X

F(x) identity

x + F(x) Y

Figure 2.7 The Residual block [57].
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2.4.2. UNet Attention block

Unet attention blocks are inspired by the attention mechanism in natural language
processing . It guides the network to focus on task relevant regions, integrated into each skip
connection. It takes the encoder feature map and the decoder gating signal, combines them
to compute a spatial mask that is applied on the encoder features, letting only the lost
important time frequency pixels to pass through to the decoder [58].

2.4.3. Squeeze and Excitation block

The Squeeze and Excitation Block (SE) is a channel wise attention mechanism introduced in
2018 [59], to improve the performance of CNN and focus on channel interdependencies. It
consists of two steps. First, the squeeze phase where each channel is collapsed into a
scalar value by performing average mean pooling over its spatial dimensions, obtaining a
vector of squeezed channels, this step helps capture global context. Second, the excitation
phase, which takes the vector of channels as input and passes it to a small two-layer
network. The output is a list of channel importance weights which we apply on the original
channels to highlight the most relevant features [60]. The process is illustrated detail in
Figure 2.8:

Excitation
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Squeeze
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Figure 2.8 The architecture of SE block [61].

2.4.4. Atrous spatial pyramidal pooling

Atrous Spatial Pyramidal Pooling (ASPP) is used to extract features on different scales [62],
it mainly relies on atrous convolutions and employs them in parallel, with different dilation
rates on our input [63]. Atrous convolutions are a variant of standard convolution that
introduce dilation rates, which expand the receptive field of the kernel, by inserting holes in
it, through the addition of gaps between the kernel values. This allows it to cover a large
area of the input without increasing the number of parameters and computational capacity.
They have been used in multiple fields such as audio processing and semantic
segmentation [64].
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2.5. Natural language processing in language-queried audio
source separation

Natural language processing enables computers to understand, process and interact with
human language. Some applications of NLP include text translation, voice recognition, text
summarization, and chatbots [65].

In the context of language-queried audio source separation, NLP models encode our textual
queries into textual embeddings, which are later used to guide the extraction process in our
separation network [66]. Embeddings represent our text in a numerical format, in which
words with similar meaning have similar representations [67].

Transformers in NLP :

Transformers are state-of-the-art models that redefined the standard for NLP models, due to
their ability to pay attention to specific words, and their superior performance compared to
traditional models [68]. Well-known text transformer models include FLAN-T5 [69], BERT
[70], and GPT [71].

The core components of transformers are:

Positional encodings : define the word order in a token embedding sequence, helping the
model in recognizing the structure of the sequence [72].

Multi-head attention mechanisms : enables focusing on different aspects of a sequence in
parallel. It allows the model to determine the relationships present in the sequence along
with weighting the importance of different tokens that are present [73].

2.6. Fusion techniques for language audio alignment

After building two powerful architectures, one extracting high level audio feature maps and
the other producing dense text embeddings from the user query in the previous sections, the
last piece of the puzzle to establish a functional language-guided audio separation pipeline is
a reliable fusion technique that captures the complex relationship between the two
modalities.

We use cross attention as a fusion technique to dynamically align language queries with
their corresponding audio components. It follows the concept of self attention with a few
changes; it considers the text encoder input as a query and the UNet’s feature maps as keys
and values. As shown in Figure 2.9, cross attention computes similarity scores between
each query and key, the resultant values are assigned weights depending on their level of
contribution into a feature vector that effectively acts as a conditioning signal to the target
[74].
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Figure 2.9 Cross attention mechanism [75].

2.7. Conclusion

To conclude, chapter 2 has built the foundational blocks of our language-queried audio
source separation pipeline. We began by reviewing artificial neural networks and their
training via backpropagation and gradient descent, then moved on to convolutional
architectures. Next, we covered transformer based embeddings. Finally, we talked about
cross attention as a fusion technique to merge the audio features with text embeddings and
guide the separation.

In the next chapter, we will survey how these different architectures and techniques are
assembled in previous language-queried audio separation models.
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Chapter 3 : State of the art benchmarks
for Language-Queried Audio Source
Separation

3.1. Introduction

Since its introduction in 2022 [14], language-queried audio source separation has attracted
the attention of many researchers. Since then, many models appeared in favor of this task
[15][18][88][89], leveraging multiple techniques and architectures aiming to boost
performance and increase separation quality.

In this chapter, we start by establishing the evaluation framework, identifying the key
datasets and evaluation metrics that define how to measure the progress. Then, we list the
most popular approaches that proved state of the art performance. Finally, we analyse the
different models by breaking them down into their core components, strengths and
limitations while establishing common ground between them in order to select and pick the
components to use for our model.

3.2. Language-queried audio separation benchmarks

The rapid progress in language-queried audio source separation relies on two key pillars :
large-scale audio datasets with rich language descriptions and robust evaluation metrics that
measure the separation quality. This section outlines the most widely adopted datasets and
metrics in the field.

3.2.1. Datasets
Table 3.1 lists the benchmark datasets in language-queried audio separation and highlights

their most relevant aspects to the field, showing the progression from classification only
datasets to to language separation specific datasets:

Table 3.1 Overview of audio datasets [76].

Year Total Audio Annotatio Audio Separation Separation refer

hours source n type duration advantages limitations ence

AudioSet 2017 4971 Youtube Class 10 sec. Diversity in Weak [77]
videos. Labels. sound annotations
events. (labels).
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Year Total Audio Annotatio Audio Separation Separation refer
hours source n type duration advantages limitations ence
VGGSound 2020 550 Youtube Class 10 sec.  Audio visual Lacks [78]
videos. labels. corresponda language
nce. annotations.
AudioCaps 2019 127 AudioSet Human 10 sec. The use of Simple [79]
subset. captions. human caption.
annotation
captions
WavCaps 2023 5500 Multiples Mixed Variable Diverse The quality of  [80]
sources. (human + length. audio captions vary.
Al categories. (different
generated) and rich datasets).
captions.
Clothov2 2019 36 Freesound Human 15-30 Rich human  Small training  [81]
captions seconds  descriptions data size.
for audio
clips.
Auto-ACD 2023 1700 Multiple Al Variable  Large scale  Captions may  [82]
sources generated length dataset. lack the
nuance of
human
annotations.
DCASE-20 2024 21 Synthetic Task 10 sec Specifically  Limited sound  [83]
24-T9Dev and real specific designed for classes
mixtures (source the task.
separation
)
3.2.2. Evaluation metrics

Evaluation metrics are crucial in determining the performance and effectiveness of a model
[84]. In language-queried audio source separation, the performance of models is evaluated

through:

SDR measures of the quality of a signal, through comparing it with its distorted or noisy
version , higher SDR indicates a superior quality of separation [85] . It is calculated though
this formula :

SDR =10 x logm (

Is(?

Ib—ﬂP)
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where : s is the ground truth audio.
s is the estimated one.

SDRi is an improvement metric that measures the difference in SDR before and after

applying an audio source separation algorithm [86].
S]:):R1 - SDRa.fteI - SDRbefore

CLAPScoreA: measures the similarity between the output audio and the target audio using
CLAP, Contrastive Language-Audio Pretraining, CLAP learns to connect natural language
and audio via two separate encoders and a contrastive learning objective that brings audio
and text descriptions into a joint multimodel space [87]. CLAPScoreA is an innovative metric
adapted to evaluate recent language queried audio source separation models like FlowSep
[88], whereas the higher the value, the more accurate the separated sound is to the ground
truth.

3.3. Previous works in language-queried audio source separation

Table 3.2 provides the previous works in language queried audio source separation. It
includes each model’s foundational component, the datasets used for training, the text
encoder applied, the separation network integrated and the fusion technique used to align
the different modalities. The models were evaluated on a set of evaluation metrics some
different from others depending on the nature of the model. The main purpose of this table is
to highlight the evolution of the models for the LASS problem in the recent years:

Table 3.2 A comparison of language-queried audio source separation models.

Model Dataset Text Separation Fusion Audio Evaluation Results
(training) encoder model technique reconstr metrics
uction
LASSNet Dataset BERT ResUNet FiLM iISTFT SDR 6.35
created from SDRi (Clotho) 2.36
AudioCaps
AudioSep AudioSet, CLAP ResUNet FILM iISTFT SDRi (Clotho) 6.85
VGGSound
AudioCaps,
Clotho v2,
WavCaps,
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Model Dataset Text Separation Fusion Audio Evaluation Results
(training) encoder model technique reconstr metrics
uction
AudioSep DCASE-2024 CLAP ResUNet+ FILM iISTFT SDR 8.764 (32
DP - T9Deyv, text DPRNN khz sr)
Audiocaps, encoder SDRI 8.658 (32
Auto-ACD, khz sr)
Wavcaps
CLAPSep  AudioCaps CLAP CLAP audio FiLM + iISTFT SDRi 20.17+12.43
text encoder feature
encoder aggregator
FlowSep AudioCaps,  FLAN-T5 Rectified Through Vocoder
VGGSound Flow Rectified BigVGan CLAPScoreA 78.9
WavCaps Matching Flow
Matching
3.4. Comparative analysis

LASSNet [14], was the first model to ever integrate natural language queries for audio
source separation. It used BERT to encode the query and a ResUNet separation network
merged via FiLM layers. LASSNet achieved an SDR of 6.35 and demonstrated a good
adaptability to real world scenarios. However, this model being the first attempt to solve the
LASS task, it faced many limitations. It lacked training and did not perform well on
open-domain scenarios. Additionally, its predicted mask was either excessively or
insufficiently selective, leading to artifacts such as spectral holes or incomplete separation
[88].

AudioSep [15], was introduced to overcome the shortcomings of LASSNet. It replaced BERT
with CLAP, a contrastive audio text model that embeds both modalities in a shared latent
space; this change strengthened semantic alignment between audio-text pairs and allowed
the decoupling of query and separation training. Additionally, AudioSep was trained on a
variety of sound sources achieving remarkable zero shot performance. Unlike LASSNet, it
tackles the phase reconstruction challenge by learning phase residuals, ensuring a proper
reconstruction of the target audio. Nonetheless, it still faces issues with the predicted mask
[88].

AudioSep DP [89], was introduced to address the limitations of AudioSep, through inserting
a dual path RNN block between the encoder and decoder stacks of the ResUnet, which
allowed the model to independently capture both temporal and spectral information.
Furthermore, target sound event detection branches are used to identify the events present
in the predicted sound. These improvements led to a higher SDRi of 8.658, surpassing
AudioSep.

CLAPSep [18], compared to previous works, leverages the CLAP model for both query
encoding and separation. The separation network consists of a feature aggregator which
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follows the UNet architecture. It is responsible for producing an aggregated feature rich in
information about the target sound conditioned on the text embedding. This aggregated
feature, along with the linear magnitude of the mixture, is then passed to a MaskNet,
producing a spectrogram mask that will later be concatenated with the spectrogram of the
mixture to get the target spectrogram. CLAPSep uses low-rank adaptation lightweight which
is a fine tuning technique that allows it to adapt with minimal training. CLAPSep outperforms
both LASSNet and AudioSep by establishing a semantic relationship between the query and
separation networks.

FlowSep [88], is an innovative approach that discarded discriminative architectures and
relied on generative models. It adopts rectified flow matching RFM to gradually transform a
gaussian distribution into the target audio representation. Unlike previous models that are
mask based, FlowSep samples from a learned distribution. Additionally, it introduces
gaussian corrupted data in training to adapt the model to real world data, which is often
recorded in noisy environments. For text encoding, FlowSep leverages FLAN-T5, a model
fine-tuned on a variety of tasks enhancing its adaptability to our task and outperforming
CLAP. On top of that, the model trains a vocoder for a high fidelity audio reconstruction. This
model has achieved the best separation quality.

3.5. Conclusion

In this chapter, we presented commonly used datasets for training, along with evaluation
metrics used to assess model performance. We then conducted a comparative study on
various state of the art models based on different key components such as the text encoder,
evaluation metrics and the architecture. In the next chapter, we will be presenting the
components of our proposed model.
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Chapter 4 : Proposed model
architecture

4.1. Introduction

Over the past few years, language-queried audio source separation has gained in popularity.
Many models have seen the light of the day with the majority of them focusing on
discriminative approaches for their straightforward architecture and suboptimal results
[14][15][18]. Inspired by the efforts to adapt ResUNet [16] for language-conditioned
separation, we instead adopt a more efficient mask-based approach using ResUNet++
which was yet to be used for language-queried audio source separation tasks; we found
potential in its simplified [16] and extendable design [90] to perform our task.

In this chapter, we will explain the role of each component in our model from the FLAN-T5
text encoding capabilities to the separating ResUNet++ architecture and finally a phase
aware inverse STFT for audio reconstruction.

4.2. Overall system architecture

Our system is made of several key components that operate together in order to make the
process of language queried audio source separation happen. From a high level
perspective, it includes an audio pre-processing pipeline, a text encoder, a query conditioned
separation model and a waveform reconstruction module. Together these cited components
ensure that the extracted sound matches the given query.

First, we preprocess our audio and text: we make mixtures out of our audio, and turn the
mixture audio and the target audio into their respective time frequency domain
representation and we encode the text query into a text embedding using FLAN-T5 text
encoder. Second, our cross attention infused ResUNet++ takes as input the mixture
spectrogram with its the query embedding, layer by layer, the model learns to predict a mask
from the given mixture conditioned by the query embedding. The predicted mask is
concatenated to the inserted mixture spectrogram to obtain the predicted spectrogram.
Finally, the isolated spectrogram is passed through inverse STFT with mixture phase to
obtain the corresponding raw waveform. Figure 4.1 illustrates the approach we adopted in
more details
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Figure 4.1 An overall view of our model’s architecture with the different components.

4.21. FLAN-T5 component

FLAN-T5 represents an enhanced version of T5. It has been fine tuned on more than a
thousand diverse tasks, enabling it to generalize well on unseen data and generate
high-quality, instruction aware text embeddings. It also achieves strong semantic
understanding and captures nuanced user intent. FLAN-T5 outperforms alternative text
encoders such as CLAP [88] and BERT which have been previously used for this task [91].
In our approach, we utilize only the encoder part of the model :

We tokenize the input using SentencePiece to create a vocabulary of subword units by
splitting input words into subword tokens, convert these units into token IDs, which are later
transformed into token embeddings that contain the positional encoding of each token in the
sequence. These resultant embeddings are finally inserted into the encoder, where they go
through self attention mechanisms, feed forward neural networks, layer normalization and
residual connections to get contextualized embeddings [92] as shown in Figure 4.2 below.
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Figure 4.2. Architecture of the encoder stack of FLAN-T5 model [93].

4.2.2. Separation component

Our source separation network builds upon ResUNet++, incorporating additional
cross-attention mechanisms to guide the separation process using language queries.
ResUNet++ proved state of the art performance in medical imaging tasks, outperforming
both UNet [54] and ResUNet [16]. Motivated by its performance, we chose this architecture
to investigate its effectiveness in language-queried audio source separation tasks. Its
lightweight and efficient design displayed in Figure 4.3 further encouraged us to adopt it.
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Figure 4.3. Architecture of the ResUNet++ [16].

The architecture follows an encoder-decoder fashion, where the input mixture spectrogram
is first passed to a stem block, which consists of a preliminary step for the encoder that only
allows relevant features to continue. The encoder consists of 3 residual blocks each followed
by a cross attention layer. Each residual unit downsamples the channels and filters them out
using an SE block. The cross attention layer is applied immediately after to fuse the text
embedding into the feature map to prioritize the audio features associated with the query
early on. After passing all the layers in the encoder, the output is a compressed abstract
representation.

In the bottleneck, this latter is passed to an ASPP module which expands the receptive field
using multiple atrous convolutions at different rates enabling the model to capture fine,
medium, and long-range temporal structures simultaneously, a cross attention layer follows
to refine the multiscale representation to tend to query embeddings details.

In the decoder, the attention block applies a gating mechanism in skip connection to allow
only relevant high resolution details from the encoder to the decoder upsampled feature,
these combined features are again processed through a cross-attention layer and an SE
block to ensure that only the most query-relevant and high-resolution features influence the
final prediction. A final cross-attention layer and lightweight ASPP further refine the output
before it is passed through a sigmoid-activated 1x1 convolution to generate the
time-frequency mask for source reconstruction.
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By concatenating the mask to our input mixture, we get our final separated spectrogram,
which is finally tuned into waveform using the audio reconstruction method explained in the
next section.

4.2.3. Phase aware inverse short time fourier transform

We use a phase aware iSTFT for audio reconstruction. This method [94] builds on the
standard inverse short time fourier transform by reusing the mixtures’s phase [95] instead of
estimating it. Given the predicted magnitude spectrogram and the mixture phase, we first
reconstruct the complex windowed frame using inverse fourier transform to their
corresponding sinusoids, we shift them by their hop size and overlap and add them
respecting the COLA condition [96]. This approach avoids the computational cost and
convergence issues of iterative phase estimators such as Griffin-Lim. Integrating phase with
iISTFT has shown a stronger performance compared to the standard iterative phase
estimator, as observed both in literature [95] and in our own experiments. This is due to the
fact that phase is significantly more difficult to model than magnitude due to its stochastic
nature [97].

4.3. Conclusion

Throughout this chapter, we provided an overview and explained in detail the role of each
component of our language-queried audio source separation model. In the next chapter, we
will present our experimentations and discuss the results we obtained.
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Chapter 5 : Experimentation &
Results

5.1. Introduction

This chapter presents the end results of all the trial and error that went into building our
language-conditioned audio source separation. First we will walk through the open source
libraries and tools we relied on as well as the online environments that we used for
implementation and training. Then, we will cover how we picked and processed our audio
text dataset. After that we will enumerate our training set up and hyperparameter tuning.
Next, we will share the numerical results of the training as well as a demonstration
application to display listening examples. We conclude the chapter with the challenges and
limitations we encountered along our journey.

5.2. Libraries and tools

To build our language-queried audio source separation pipeline, we combine state of the art
deep learning frameworks, specialised text and audio processing packages and other
utilities on scalable cloud platforms. In the section below we will delve into each category.

5.2.1. Libraries

Core deep learning framework :

We build our model on Pytorch [98], an open source python library, derived from the original
Torch framework. PyTorch offers high-level abstractions for tensor operations, automatic
differentiation, and seamless GPU acceleration, making it ideal for developing and training
complex neural networks like language-queried audio source separation.

NLP embeddings and tokenization :

For converting user queries into rich vector representations, we leverage Hugging Face
Transformers [99]. Its suite of pretrained tokenizers and models, including the FLAN-T5 text
encoder, allows us to efficiently tokenize text and generate embeddings that guide the
audio-separation process.

Audio processing :

Librosa [100] provides fundamental audio-analysis routines from loading files, computing
STFTs, Mel spectrograms, and other spectral features, enabling fine-grained feature
extraction.

Pydub [101] offers high-level audio manipulation, which we use to synthesize mixtures
before passing them to our spectrogram extractor.
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For Data manipulation and Visualisation: we use NumPy [102] to perform numerical
operations on spectrograms arrays, Pandas [103] for dataset management and
preprocessing in DataFrame structures, and Sklearn [104] to split data for cross validation.
Matplotlib [105] is used to plot spectrogram representation for comparisons.

5.2.2. Tools

Deep learning models are computationally heavy, thus training them with local hardware is
almost impossible, as it would lead more often than not to the instance crashing, or the
model needing an extremely long time to train, which is not ideal. Moreover, audio data
requires a lot of storage.

To address these issues, we mainly relied on the tools presented below to store our data and
train our model:

Google drive: is an online storage service that enables synchronization and sharing [1086].
Different plans of varying storage capacities are proposed, in which the 15 GB option is free.
For our project, to store all the mixtures we created, we chose the 2TB offer.

Colab: is a cloud-based platform that allows users to write and execute python. By providing
this virtual environment it facilitates machine learning tasks [107]. Colab offers different
subscription plans, each providing a certain amount of computing units and features such as
the interruptibility of the kernel and background executions. Along with each subscription
type, different GPUs are offered such as T4, L4 or A100. To train our model, we chose the
google colab pro+ subscription to minimize training interruption and gain access to faster
GPUs, most specifically A100.

Runpod: along with Google Colab, we also used Runpod, a cloud solution made for the
development and training of Al models [108]. It offers a wide range of GPUs, from H100 to
RTX 3090, whereas they can be rented by the hour. We primarily used RTX 6000 ADA with
a storage disk space of 400GB so it can withhold all our data.

5.3. Dataset Overview and Preprocessing Pipeline

5.3.1. Dataset overview

For the dataset, we chose Clotho [81] due to its convenient size, making it easy to use
across platforms. In addition, it offers detailed captions in which each sound is associated
with five unique captions each containing eight to twenty words. The dataset holds over
4981 audio clips in total, whereas the length of the audio samples ranges from 15 to 31
seconds.

For training purposes, we choose to keep only one caption per audio and that is to ensure
that our model trains on all available samples. Following this, we preprocess the audio in
order to use it.
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5.3.2. Mixture making

We use Pydub AudioSegment to make audio mixtures. It reads each audio file and
automatically decodes it. After, to ensure that neither source dominates the other, because
of differing recording levels, we normalize both audio clips to the same loudness to create a
fair mixing scenario where separation is not biased to one clip over the other.

Before mixing, we check the durations of both clips, if one is shorter, we append silence to
the shorter clip to match the duration of the other one. Finally, we align both sounds so their
start times coincide. At each millisecond, Pydub adds the sounds’ samples together resulting
in an overlapping sound with two sources [109].

5.3.3. Preprocessing Pipeline

Our pipeline consists of loading, padding, generating the spectrogram, and normalizing it.

The loader processes the audio with a fixed length of 15 seconds. In cases where the audio
is too short padding is applied. Padding consists of adding silence in the beginning or the
end of the audio [110], and is mostly used to ensure consistent audio lengths.

Next, we extract log-spectrograms using Short Time Fourier Transform with a frame size of
512 and hop length of 256. The resulting spectrograms are then normalized. Normalization
is used to scale the decibel values of our spectrogram to a fixed range going from [0,1], it
ensures training stability and prevents vanishing/exploding gradients [111].

5.3.4. Cosine similarity filtering for mixtures

After training our separation network for multiple epochs, we observed that the model
consistently predicted the mixture spectrogram instead of separating the target source. Upon
closer inspection, we discovered that the spectrograms of many of the mixtures and their
corresponding target were very similar. These pairs constituted the majority of our training
data, indicating the sounds of the mixture shared similar spectral content.

We hypothesised that training our model with a dataset dominant of these high similar pairs
was the reason it returned the mixture as output. Lazily learning the identity mapping from it
rather than distinguishing and separating sources.

To address this issue, we applied cosine similarity filter [112] to each mixture-target pair. We
obtain its value by computing the dot product between the spectrograms of the pair divided
by the product of their magnitude; we get a value between 0 and 1 reflecting how aligned the
vectors are. We discard pairs above varied thresholds (0.8, 0.75, 0.7 and 0.65) to maintain a
balanced mix of highly overlapping and more distinct training examples.

After retraining with this filtered dataset, we observed notable improvements: throughout
training, as we periodically saved predicted, target and mixture spectrograms, we could see
the model beginning to learn characteristic patterns of the target source rather than
defaulting to the mixture.

Of course, we want to point out that this remains our working hypothesis, one that may not
generalise universally and other factors such as architecture choices, learning rate
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schedules and loss functions likely contribute to the improved performance. Furthermore,
while filtering proved useful during initial training to encourage the model to learn distinct
patterns, for later fine-tuning, we plan to reintroduce the unfiltered data so the model can
capture more nuanced source characteristics.

5.4. Implementation details

5.4.1. Data generation

To ensure a high diversity in our training data, despite the time cost, we assembled 17000
Clotho mixtures via an iterative cosine similarity filtering process. First we randomly
generated oversized batches of mixtures, computed their magnitude spectrograms. Next, for
each mixture batch we discarded samples with a high target mixture cosine similarity. We
repeated the process “generate — extract — filter” until we obtained a decent number of
training samples.

5.4.2. Training

The filtered mixtures are then passed onto the training pipeline, they are trained for 200
epochs with a batch size of 16 using Adam optimizer and Cosineannealinglr and a set of
Losses.

Adam optimizer or commonly known as ADAM, is an optimization algorithm designed to
improve training speed and reach convergence quickly. It relies on two other robust
optimization techniques, momentum and RMS prop, in which both methods are used to
adjust the learning rates for each parameter during training [113]. We use ADAM with an
initial learning rate of 1e-4.

CosineAnnealingLR (Tmax, eta_min) is a learning rate scheduler used for a variety of
models, such as Restormer for image restoration and ResNet++ in image classification,
which is ideal for our case [114]. It helps models escape local minima and often achieves
better final performance than linear decay schedules [115].This scheduler relies on two
parameters Tmax which is the number of max iterations , eta_min the minimum learning rate
achievable. It follows a cosine curve whereas the learning rate starts at a high value then is
periodically adjusted over a number of specified epochs [116].

For our training setup, we set the minimal learning rate at a standard value of 1e-6 and we
set Tmax at 200 which represents the duration of our training.

Losses: To train our model to isolate a target source given a text query, we combined two
complementary losses, each term addressing a different aspect of the separation task.

Spectral convergence loss (SC): is used to measure how closely the predicted spectrogram

matches the target in shape. SC operates especially well in early training stages [117]
guiding the model to its correct spectral shape first.
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Concretely this loss computes the difference between the linear magnitude of the target and
predicted in the frobenius norm and then divides it by the frobenius norm of the target to
make it relative to the latter.

Log scale STFT magnitude loss: unlike SC, this loss captures small amplitude components
[117] that are more perceptually relevant to humans. By computing the mean absolute
difference between the logarithms of the predicted and the target.
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The two losses combined help capture the overall energy distribution and fine grained
details.

5.4.3. Evaluation set

We reserved 2500 mixtures to form our test set, these clips underwent the identical
spectrogram extraction and cosine similarity based filtering procedure to ensure fair
evaluation.

5.4.4. Reconstruction

For each predicted magnitude spectrogram, we first denormalized it using the original clip’s
stored min/max values. We then reconstructed the audio waveform via inverse STFT reusing
the phase information from the original mixture.

5.5. Results

5.5.1. Quantitative results

We evaluate separation performance using three complementary metrics: SDR , SDRi and
CLAPScore A.

Table 5.1 Objective evaluation results.

dataset SDR SDRi CLAPScore A
Mean * Std Mean * Std Mean * Std
Clotho 241+ 255 8.37+5.24 40 + 11

Table 5.1 shows that our model achieves a respectable mean SDR of 2.41 dB with a
standard deviation of 2.55 dB which indicates that while many clips are separated cleanly
some samples remain challenging. In terms of SDRi, we observe an average improvement
of 8.37 dB over the mixtures. However with a large spread (std 5.24 dB), this reflects the
diversity of Clotho dataset from very simple isolated sounds (e.g. bird calls) to complex,
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overlapping urban recordings. We achieved a mean CLAPScore A of 40 (x 11)
demonstrating that our model consistently captures a decent amount of semantic information
in the separated audio.

5.5.2. Qualitative results

We conducted a blind listening test with over 70 participants from different fields, asking
them to rate five mixture-separation pairs on a scale of 1 to 5, with 1 being "unsuccessful
separation” and 5 being “perfect separation”. Figure 5.1 below provides further details on
the form:

Evaluation of a language queried audio
separation model

Welcome!

Thank you for taking part in our listening test. You will hear five short audio clips. For each
one, you'll get:

Original mix — the full recording, with all sounds playing together.

Separated sound — our computer program’s attempt to pull out just one part of the mix.
What to do:

Listen carefully to both the full mix and the separated clip, then rate from a scale of 1 (not
at all) to 5 (perfect) how well separation sounds to you

This should take about 5 minutes. There are no right or wrong answers—we just need your
honest opinion.

Thank you for helping us make our program better!

Figure 5.1 The evaluation form.
Description of our samples and the queries we proposed for each one:

Sample 1: contains ambient forest sounds with an owl hooting in the background. We
associated this sample with the guery “resonant hoot pierces the night’'s steady chorus of
crickets”.

Sample 2: contains ambient party sounds with multiple people talking in the background
when someone suddenly knocks on the door. We associated this sample with the query
‘remove any other sound except knocking on the door”.

Sample 3: contains street ambient noise with the sound of someone skating, along with

sirens blaring in the background. We associated this sample with the query “a siren blaring
and it continues over and over again”.
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Sample 4: contains ambient sounds of a forest accompanied by faint bird calls and the
sound of someone walking. We associated this sample with the query “the birds sing louder
and louder in nature”.

Sample 5: contains multiple whales making sounds under the rain. We associated this
sample with the guery “multiple whales making sounds”.

We note the average and top scores for each sample into Table 5.2 below:

Table 5.2 Subjective evaluation results

Sample  Sample 1 Sample 2 Sample 3 Sample 4 Sample 5

Average 3,75 4,01 3,60 4,09 3,77
rating

Highest 4 4 3,5 5 4
rating

Sample 1: with an average rating of 3.75, this sample had a highest rating of 4 with 36.8%
votes, 29.4% for 3 and 25% for 5 proving a beyond average separation was achieved.

Sample 2: scoring an average of 4.01, this example had 36.8% of listeners rate it a 4 and
35.3% rate it a 5. Those high marks in this example confirm the network’s ability to cleanly
extract a clear target signal from noisy party background mixture.

Sample 3: with an average of 3.60, participants’ votes were more dispersed: 29.2% chose 3,
and another 29.2% chose 5, 22.2% chose 4, and 15.3% chose 2. This spread reflects the
difficulty posed by the sample’s overlapping sources where some residual artifacts remain
unavoidable.

Sample 4: achieving an average rating of 4.09, 42.9% of raters awarded it a five and 32%
gave it a 4. Despite the target being faint in this example, the model isolated it almost
perfectly, as proved by the results.

Sample 5: averaging 3.77, this sample received 43.1% 4-ratings and 23.6% 5-ratings while
occasional remnants of the background persist even so, the outcome remains well above
average.

To summarize, for the most part and considering all samples the separation was achieved
beyond average, however some interferences still remain from the mixture.

5.6. Application Demo

Along with the abstract numbers, we present a Flask powered front end to demonstrate our
model performance in real time. This web interface allows the user to upload a mixed audio
file along with a description of the sound to isolate from a list of samples as shown in Figure
5.2
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Language Queried Audio Source Separation

Select Audio Sample:

Enter Caption :

Figure 5.2 Main interface for separation.

After submitting a mixture-caption pair, the app returns the isolated audio along with the
original mixture audio to allow the comparison of the two files side by side, illustrated in
Figure 5.3

Language queried audio source separation

Input Audio

» 0:00/015 =—— H i

Predicted Audio for Query: "A siren blaring and it continued over and
over again"

» 0:00/0:14 H i

Back to upload

Figure 5.3 The results interface.
5.7. Challenges and limitations :

The first limitation we faced relates to the accessibility of the audio mixtures. Most datasets
either provided the clean target audio or YouTube links to download it. As a result, we had to
generate our own sound mixtures, which took a lot of time, as properly training our model
requires a large number of mixtures and that is to ensure that it gets exposed to the biggest
number of captions.

Another issue we faced is with loading and pre-processing them. Many cloud-based

environments have limited disk storage making it difficult to handle large amounts of data. In
cases where we managed to do it, the environment would heavily slow down.
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After making mixtures and pre-processing them, we faced another issue, regarding
overlapping mixtures, whereas our resultant and target spectrogram would look nearly
identical. This highly affected the training, as when the model was trained on such samples,
it would just wind up reproducing the mixture rather than separating during inference.

5.8. Conclusion

In this chapter, we presented the tools and libraries used in our implementation. We then
described the selected dataset and presented the pre-processing steps used on its audio.
We then presented our training setup and the results we obtained. We concluded by
highlighting key challenges and limitations that we faced.
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Conclusion

In this thesis, we tackled the task of language-queried audio source separation, which
involves separating a target source from a mixture based on a natural language query. For
training, we relied on the Clotho dataset due to its size and availability, compared to other
datasets such as AudioCaps, which only provide youtube links to download.

To build our model, we first reviewed existing implementations. Based on this investigation,
we built our own approach, aiming to extend them and improve them.

In our proposed approach, we adapted a ResUNet++ architecture, originally developed for
the medical field, into a language-queried audio source separation based one.

Our architecture extends the standard ResUNet by incorporating components such as a
Stem block, Squeeze And Excitation blocks, Attention mechanisms and Atrous Spatial
Pyramid Pooling in the bottleneck. This architecture has demonstrated better results, and an
enhanced separating mask compared to the ResUNet architecture in the medical field, and
to our knowledge, has not been explored yet for LASS tasks.

Additionally, we incorporated cross attention mechanisms along with ResUNet++ which
constitutes a novel approach as prior LASS-related work mostly relied on Film conditioning.
We also adopted FLAN-TS as the text encoder, as it wields better results compared to other
text encoders.

Compared to established baselines, our approach based on resunet++ provides a lighter
technique with its three encoder-decoder architecture and remains efficient as it focuses on
relevant information with attention blocks to enhance skip connections, squeeze and
excitation blocks to highlight relevant channels, and atrous spatial pyramid pooling blocks to
capture information from feature maps at different scales. With a smaller number of training
epochs it achieved an SDR value of 2.41 dB and an SDRi of 8.37 dB, which both represent
decent values seeing the limitations that we faced.

For future work, adapting our model to handle more diverse and naturally phrased queries
would represent a valuable improvement. Additionally, rather than relying on the mixture’s
phase as the estimate for the target sound during Inverse Short Time Fourier Transform
(ISTFT), a more effective approach could involve using a Neural network to estimate the
phase.

Another key area of improvement concerns the issue of overlapping mixtures. As when
used during training, the model tended to replicate the mixture without separating due to the
target being too similar to the mixture. Moreover, the process of sorting and filtering such
mixtures was time consuming, ultimately preventing us from training our model to its full
potential and limiting its exposure to a wider variety of sounds.
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