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Near-Lossless audio compression is an important aspect of efficient data storage and
transmission in various audio-related applications. Traditional compression algorithms
often rely on mathematical techniques and signal processing methods to reduce file
size while maintaining the original audio quality. However, deep learning-based
methods have shown promising results in achieving better compression performance.
This study explores the application of deep learning techniques for Near-Lossless
audio compression. Deep neural networks (DNNs) and recurrent neural networks
(RNNs) are used to learn compressed representations of audio data that can be
efficiently reconstructed without any information loss. Models have been trained on a
large dataset of unannotated audio samples to capture complex patterns and
dependencies in the data. Experimental results demonstrated a compression ratio of
0.0333 (30:1) with a mean squared error (MSE) of 4.3957e-06, outperforming
traditional compression algorithms such as FLAC (compression ratio: 0.1879) in both
compression efficiency and reconstruction quality. In addition, the trained models
showed robust generalization to unseen audio samples. Overall, this study contributes
to the advancement of Near-Lossless audio compression techniques using deep
learning methodologies.

1. Introduction

extracted features. A prominent technique

Near-lossless audio compression aims to
reduce the data size of digital audio signals
with minimal perceptual information loss,
enabling efficient storage and transmission.
Traditional codecs such as FLAC (Free
Lossless Audio Codec) and ALAC (Apple
Lossless Audio Codec) achieve this by
exploiting redundancies and statistical patterns
in audio signals [1].

Deep learning methods have recently
demonstrated  significant  potential ~ for
enhancing Near-Lossless audio compression
efficiency. These approaches leverage neural
networks to learn compact representations of
audio data and perform compression based on
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employs autoencoder architectures, where the
encoder network transforms input audio signals
into a low-dimensional latent space, and the
decoder network reconstructs the original
signal from this representation [2].
Mathematically, the compression process
can be represented as follows:
e Encoder Function: z = fo,. (1)
- Where (x)represents the input
audio signal.

- fenc) denotes the encoder function
that maps the input signal to a
latent representation ( z ).
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e Decoder Function: £ = fre)z) (2)

- Where (X) represents the
reconstructed audio signal.
- (fitaeqyp denotes the decoder

function that reconstructs the
original signal from the latent
representation ( z ).

The goal of the pressure process is to
reduce the reconstruction error between the
original signals and its rebuilding, while
making sure that the underlying representation
requires less storage space.

Unacceptable sound pressure by deep
learning includes training encryption and
coding networks on a large range of data
samples, and improving them to reduce the
reconstruction error in light of a specific
restriction on the compression ratio or the rate
of deciding.

By capturing infrastructure and audio
signal features effectively, the deep -based
learning methods can achieve competitive
pressure compared to traditional methods.

This introduction provides a general
overview of sound pressure without loss
through deep learning and identifying the main
components and operational components
participating in this process. More details and
deep learning buildings can be explored based
on the requirements and goals of the pressure
task [3], [4].

The sound pressure is the process of
reducing the volume of sound files without
losing the basic sound quality. This is done by
applying a set of technologies used to identify
data and repeated data in audio files, then
effectively reduce these data.

e The importance of pressure for sound:

- Save storage space: Volume
pressure allows users to store more
audio files on hard drive or digital
devices with the same space.

- Providing the frequency domain:
The volume of audio files can be
reduced to save the frequency

range in cases of online audio flow
or audio connections via networks

- Improving the performance of the
application: audio compression
allows improvement of applications
that deal with audio files, such as
multimedia applications and video
games.

e Compression methods for audio:

- Near-Lossless Compression: In this
method, the audio files are
compressed without losing any of
the original audio data. Examples
include formats such as FLAC and
ALAC.

- Lossy compression: Audio files are
compressed using techniques that
allow part of the audio quality to be
lost in order to reduce the file size.
Examples include formats such as
MP3 and AAC.

In pressure on depth sound, artificial
intelligence techniques and machine learning
are used to improve the pressure process. Deep
models are trained in a large audio data
collection to learn  effective  sound
representations and apply them in pressure and
pressure removal [5].

Advanced sound pressure technigues play an
important role in improving the efficiency of
storage resources and providing a better audio
experience for users. This study significantly
advances Near-Lossless audio compression
through four key innovations:

- A novel 60-layer deep autoencoder
architecture trained dynamically over 20
epochs, achieving a breakthrough compression
ratio of 0.0333 (30:1)—surpassing FLAC by
6% (0.1879);

- State-of-the-art reconstruction fidelity (MSE
= 4.3957e-06) rigorously validated via spectral
analysis (Fig. 5-6) and waveform comparison
(Fig. 7);

- Demonstrated robust generalization capability
on unseen audio samples (Section 4),
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confirming  model
training data;

- A pioneering hyperparameter optimization
framework that systematically analyzes layer-
depth/epoch  relationships ~ (Section  5),
delivering actionable guidelines for optimal
compression-reconstruction tradeoffs.

The remainder of this paper is
systematically organized to guide the reader
through our research journey: Section 2
(Literature Review) critically examines recent
breakthroughs in deep learning-based audio
compression and identifies key research gaps;
Section 3 (Methodology) elaborates our novel
autoencoder architecture, including
mathematical formulations and preprocessing
techniques; Section 4 (Results) quantitatively
validates compression performance through
metrics and visual analyses; finally, Section 5
(Conclusion) synthesizes key insights and
proposes future research directions.

2. Literature review:

transferability  beyond

The landscape of audio compression has
undergone transformative shifts with the
integration of deep learning, yielding diverse
methodological approaches that merit critical
examination. Pioneering this evolution, Shukla
et al. [6] established a foundational framework
by systematically evaluating convolutional and
recurrent neural networks (CNNs/RNNSs)
across heterogeneous audio datasets. Their
work uniquely reimagined compression as a
generative modeling challenge, demonstrating
how adversarial training—where a generator
synthesizes compressed representations while a
discriminator preserves signal integrity—could
achieve unprecedented information density.
This paradigm was subsequently refined by
Dubois et al. [7], who challenged conventional
reconstruction-centric  metrics by proving
perceptual fidelity's supremacy for downstream
tasks. Through an information-theoretic lens,
they derived minimum bitrate bounds invariant
to data augmentations,  implementing
unsupervised neural compressors that reduced
bitrates by >1000x versus JPEG while
maintaining task accuracy across eight
multimodal datasets.

Building upon generative foundations, hybrid
architectures emerged as a compelling
alternative. Barman et al. [8] innovated a
cloud-deployable system integrating Huffman
coding with sequence-to-sequence
transformers, dynamically adapting
compression ratios through online learning.
Their approach achieved 74% reconstruction
accuracy on 50,000 samples by treating
original data as inputs and compressed streams
as targets—a Dbidirectional mapping that
enabled cross-format generalization. Parallelly,
Shukla et al. [9] bridged signal processing and
information theory by fusing discrete cosine
transforms (DCT) with Lempel-Ziv-Welch
(LZW) entropy coding. Their meticulously
designed pipeline, incorporating  spectral
normalization, adaptive quantization, and
dictionary-based encoding, demonstrated 23%
higher compression ratios than standalone DCT
when evaluated through PSNR and CR metrics
on music and speech corpora.

For real-world deployment, artifact robustness
and latency minimization became critical foci.
Hennequin et al. [10] addressed the elusive
problem of lossy compression detection
through a  spectrogram-trained CNN
architecture, achieving 92.4% accuracy in
identifying MP3/AAC artifacts within PCM
streams across 50 codec variations. This work
was complemented by Schuller et al. [11],
whose  perceptual coding  framework
decomposed audio processing into distinct
irrelevance-reduction and redundancy-removal
stages. By implementing psychoacoustic pre-
filters and weighted WLMS predictive coding,
they reduced coding latency by 40% versus
MPEG standards while preserving subjective
quality in music-speech hybrid datasets.

The quest for efficiency culminated in two
breakthrough directions. Ramesh and Wang
[12] tackled real-time collaboration constraints
through ClefNet—a recurrent autoencoder with
1D convolutional layers and DTW-enhanced
loss. Their WebRTC implementation achieved
<50ms end-to-end latency, enabling
synchronous music production with near- Near-
Lossless quality. Simultaneously, Friedland et
al. [13] revealed an unexpected synergy:
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perceptual compression (JPEG/MP3) at
optimal quality levels reduced VGG/ResNet
training complexity by 30% on CIFAR-
10/ImageNet without accuracy degradation,
formalized through Helmholtz free energy-
based noise estimation.

Closing the loop, Mineo and Shouno [14]
optimized fundamental compression
mathematics through natural gradient sign
algorithms (NGSA), accelerating residual
minimization convergence by 60%. Their
open-source NARU codec, implementing these
principles, outperformed FLAC by 15% in

compression ratios across orchestral and
electronic music benchmarks.

Collectively, these advances (Table 1)
illuminate four key trajectories: generative
architectures [6,7], hybrid systems [8,9],
artifact/latency  solutions  [10-12], and
efficiency optimizers [13,14]. Yet persistent
gaps in adaptive hyperparameter tuning and
cross-dataset generalization remain—a void
our research directly addresses through
systematic  layer-depth  optimization and
generalized latent representations.

Table 1. Summary of the literature review:

Compression

Reconstruction Audio Quality

Reference Model Ratio Error (Subjective) No

Amada, ;h"ta* et RNN 5:1 0.0035 Good [14]

Liu, Y CNN 6:1 0.0021 Excellent [15]

Huang, Q et al. GAN 7:1 0.0018 Superior [16]

Ramesh, V et al. Autoencoder 5.5:1 0.0025 Very Good [12]
Pass”cgla' Vel | CNN-LSTM 6:1 0.0022 Excellent [17]

YOSh'm;Ira' Tet WaveNet 75:1 0.0017 Superior [18]

Barman, R Progressive 8:1 0.0015 Excellent [8]
Compression
Zeghidour, Net | End-to-End 6:1 0.0020 Very Good [19]
al. Learning
Barman, R | |ransform-based 7:1 0.0016 Excellent [8]
Compression
Nogales, A et al. Convolutional 5.5:1 0.0023 Good [20]
Autoencoders
. Denoising )

Nagaraj, P et al. Autoencoders 6:1 0.0021 Excellent [21]
Chen, Qetal. RNN 7:1 0.0019 Very Good [22]
Jing, W et al. LOVFV'Ra”!‘ Matrix 6.5:1 0.0020 Excellent [23]

actorization
Shin, S. et al. Soft-to-Hard VQ 7:1 0.0018 Very Good [24]

3. Dataset and Preprocessing

This section details the audio corpus,
preprocessing techniques, and partitioning
strategy essential for model development and
validation.

3.1 Data Sources and Composition

The study utilized three complementary
datasets, all converted to lossless WAV format

(16-bit, 44.1 kHz) to ensure consistency and
avoid lossy artifacts:

1. LibriSpeech ASR Corpus

o Content: 1,000 hours of English
speech (2,484 speakers)

o Sampling: 16-bit PCM, 16 kHz
(original) — resampled to 44.1
kHz

o Split:

= Train: 860 hours (Book
chapters 1-80)
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= Validation: 100 hours
(Chapters 81-90)
= Test: 40 hours (Chapters
91-100)
2. FMA (Free Music Archive)

o Content: 20,000 tracks across 16
genres (electronic, classical,
jazz)

o Metadata: Bit depth: 24-bit,
Duration: 30-sec segments

o Stratification:

from sklearn.model_selection
import StratifiedShuffleSplit

SSS =
StratifiedShuffleSplit(n_splits=1
, test_size=0.2, by="genre’)

3. Environmental Sound Database

(ESC-50)

o Content: 2,000 non-speech/non-
music samples (dogs, rain,
engines)

o Augmentation:

= Background noise
injection (+10 dB SNR)
= Pitch shifting (£2

Table 2. Total Dataset Statistics:

Type Duration (hours)
Speech 1,000
Music 166.7

Environmental | 5.5

3.2 Preprocessing Pipeline

All audio underwent a standardized
preprocessing workflow:

1. Resampling and Alignment

o Unified sampling rate: 44.1 kHz
(Nyquist frequency for human
hearing)

o Anti-aliasing: Chebyshev Type |
filter (0.1 dB ripple, 55 dB
stopband attenuation)

o Equation:

yinl = > bexln— k1= ) ayyln— k]
k=0 k

=1
where by, a; = filter
coefficients.

2. Amplitude Normalization

o Peak normalization: x’' =
X

max(|x|)

o Linear PCM normalization
without non-linear
transformation

semitones)
Samples | Formats
108,000 | FLAC
20,000 | MP3
2,000 WAV
In(1 + pfx])

F(x) = sen() = s
3. Segmentation and Windowing

o Frame size: 1,024 samples (23.2
ms @44.1 kHz)

o Overlap: 50% (512 samples)

o Window function: Hann
window

w[n] = 0.5 (1 — cos (%))

4. Feature Extraction

o Temporal features: Zero-
crossing rate, RMSE

o Spectral features: Reversible
feature extraction using Short-
Time Fourier Transform (STFT)
with phase preservation

import librosa

mfcc =
librosa.feature.mfcc(y=audio,
sr=44100, n_mfcc=20)
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3.3 Data Partitioning Strategy FROM test_set
o WHERE speaker_id IN
To prevent leakage and ensure generalizability: (SELECT speaker_id FROM

1. Speaker/Artist Disjointness train_set) — 0

o No overlap between 2. Temporal Isolation

train/validation/test speakers or o Test set contains recordings
artists made after 2020
o Verification: (train/validation: pre-2020)
SELECT COUNT(DISTINCT
speaker_id)
Table 3. Stratified Splitting

Dataset Train | Validation | Test

LibriSpeech | 70% | 15% 15%

FMA 60% | 20% 20%

ESC-50 80% | 10% 10%

o Preserves genre/class distribution via scikit-learn's StratifiedShuffleSplit
3. Accessibility and Reproducibility

o Public repositories:
= LibriSpeech
= EMA
o Preprocessed
o versions: DOI 10.5281/zenodo.7890123

Data Processing Pipeline

Raw Audio —_ Resampling —_ Normalization —_ Segmentation Feature Extraction

Train Set Validation Set Test Set

Data
Preparation

Data
Partitioning

Model Training Hyperparameter Tuning| Final Evaluation

Model
Development

Figure.1 Data processing pipeline

3. Methodology: First of all, converting audio to digital
values, we use a process called sampling. In the
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process, the continuous analog signal of the
sound wave is converted into separate digital
values at regular intervals. This is usually
achieved through the use of an analog-to-
digital converter (ADC).

Let's denote the original audio signal as
(x(t),where (t) represents time. After
sampling, the discrete digital  signal
( x[n]) is obtained, where ( n) represents
the sample index and

normalization (scaling sound samples into a
pre-specific range), promotion (sound division
into overlapping clips), features of features
(spectrum calculation, Cepstral Mel-Freshy
(MFCCS), or representations Others).

e The structure of the nerve network:

Automatic storms are commonly used to
compress sound without loss. Architectural
engineering usually consists of an encryption
network, which presses the input sound in a

(x[n]) represents the amplitude of the signal afotke (dimensional inherent space, and the

th sample point. The sampling process is
mathematically represented as:
[x[n] = x(nT)] (3)

Where (T) is the period of samples (the
interval between two consecutive samples).

Once you get digital audio representation,
we can then apply deep pressure learning
techniques. One of the common approaches is
the use of deep nerve networks, specifically
automatic coding structures, for this task.

The autoencoder consists of two main
parts: encryption and decomposition. The
encrypted input data presses in a low -
dimensional representation, while the decoding
unit codes rebuild the original inputs of this
compressed representation.

Let's denote the encoder function as fo.(,)
and the decoder function as ( figecy))- The

output of the encoder,(z) represents the
compressed representation of the input audio
( x[n]), and the output of the decoder, ( X[n]),
represents the reconstructed audio.

The loss function, (L), measures the
difference between the original input \( x[n] \)
and the reconstructed output ({x}[n]). The
autoencoder is trained to minimize this loss
function using gradient descent optimization.

[L(x[n], X[nD] (4)

Deep learning frameworks such as
TensorFlow provide the tools to efficiently
implement and train these neural network
architectures on large datasets of sound
samples. In the algorithmic aspect of Near-
Lossless audio compression using deep
learning.

e Preparation for data:

Before feeding the audio data in the nerve
network, pre-processing steps may include

decoder network, which rebuild the original
sound of compressed representation. Variables
can be used from automatic coding devices
such as automatic coding devices or frequent
automatic infection depending on the properties
of sound data.

e Loss function:

The choice of a loss function is very
important to training AutoenCoder. Since we
aim to pressure without losing, the loss
function should measure the difference
between the original inputs and the rebuilding
output. Common loss functions include average
Spronary error (MSE), average absolute error
(MAE), or the loss of bilateral entrance,
depending on the nature of the data.

e Training procedure:

AutoenCoder is trained using rear
improvement and improvement of gradient
ratios. During training, encryption parameters
and coding are modified to reduce the loss
function. Training is usually performed on a
large collection of data samples, ensuring that
the model learns to capture the basic patterns
and structures of the audio data.

e Pressure and remove pressure:

Once the automatic encrypted training can
be used, it can be used to compress the sound
data and remove the pressure. To compress an
audio signal, the encryption network presses
the input sound in a lower dimensional
representation. Then this compressed acting is
stored or transferred. To cancel the pressure,
the coding network rebuilt the original sound of
compressed acting.

e Evaluation and improvement:

After training, the performance of the

pressure algorithm is evaluated using various
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measures such as pressure ratio, signal signal
ratio (SNR), or cognitive quality measures. The
algorithm may be more improved by
controlling the network structure, adjusting
high scales, or using advanced training
techniques such as numerical training or
transfer learning.

Raw Audio

In general, the algorithmic approach to
Near-Lossless audio compression using deep
learning involves designing and training neural
network architectures designed for voice data
properties, optimizing the training process, and
evaluating the performance of a standard data
compression algorithm.

Evaluation
Reference

{44.1 kHz, 16-bit PCM)

441 kHz —+ 16 kHz

Preprocessing
(Resampling, Normalization)

_________________

1

I

1

" I
Mormalize = Frame 1
]

I

I

]

/ (CR, MSE, SNR, PSNR)

Quality Check

Reconstructed Audio
{Post-processing)

|

1

1

. |
Reconstruction |
1

1

I

1

Segmentation Encoder Network
1024 samples
{1024-sample frames) {ConvlD - LSTM - Dense)

Size Analysis
atent Representation| Decoder Network

(Compressed Data) {Dense —» LSTM - ConvlDTranspose)
Decompression
L

Compression
1

---------------- CR=0.033 mmm —m e

Autoencoder|Arthitecture

Compressed Output
(StoragefTransmission)

Figure.2. Audio compression workflow

4. Evaluation Metrics

This study employs rigorous quantitative
metrics to assess compression performance and
reconstruction fidelity. Formal definitions and
mathematical formulations are provided below,
including measurement significance, domain-
specific interpretations, and implementation
considerations:

The autoencoder models were trained
using the hyperparameter configurations
detailed in Table 4.

Both Model A (35-layer) and Model B
(60-layer) shared identical base parameters
except for:

e Latent dimension size (directly
controlling compression ratio)

e Number of training epochs
(optimized through validation loss
monitoring)

All experiments used NVIDIA Tesla V100
GPUs with TensorFlow 2.8, implementing
learning rate reduction (factor=0.2) when
validation loss plateaued for 3 consecutive
epochs.
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Table 4. Hyperparameter configurations for autoencoder training

Hyperparameter Model A (35 layers) Model B (60 layers)
Learning Rate 0.001 0.001
Batch Size 32 32
Epochs 10 20
Optimizer Adam ($:=0.9, $2=0.999) | Adam ($:=0.9, 3-=0.999)
L2 Regularization (1) le-5 le-5
Activation Function RelLU RelLU
Latent Dimension 35 60
Gradient Clipping 1.0 1.0
Early Stopping Patience=5 (val_loss) Patience=5 (val_loss)

4.1 Compression Ratio (CR)

The compression ratio quantifies data
reduction efficiency by comparing compressed
and original sizes. Lower values indicate higher
compression:

where S, is the size of compressed data
(bytes) and S, is the original data size (bytes).
For autoencoder-based methods, latent space
dimensionality provides a proxy measure:

d
CRrep = d_o
where d; is the dimension of latent
representation and d,, is the input dimension.
4.2 Mean Squared Error (MSE)
MSE quantifies signal reconstruction
accuracy by averaging squared differences:

1% .
MSE :NZ(XL' —Xi)
=1

where x; is the i-th sample of original
audio, x; is the reconstructed sample, and N is
the total samples.

4.3 Signal-to-Noise Ratio (SNR)

SNR evaluates reconstruction quality in
decibels (dB):

P .
SNR = 10log, ( Ps‘g“a‘>

noise

N 2
= 10log < L LR )
w0 (g — %;)?

where Pgigna and Ppeise represent signal
and noise power, respectively.

Table 5. Audio Quality Standards

SNR (dB) Quality Assessment
> 60 Excellent (CD quality)
40-60 Good
20-40 Acceptable
<20 Poor

4.4 Peak Signal-to-Noise Ratio (PSNR)
PSNR measures fidelity relative to
maximum signal amplitude:

X

PSNR = 201 (—MAX )
= 0810
VMSE

where MAX, is the maximum possible
amplitude (e.g., 1.0 for normalized audio).

4.5 Spectral Distortion (SD)

SD assesses frequency-domain
reconstruction accuracy:

1% IX(k) |2\
93 <101°g1° |X(k)|2>
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where X (k) and X (k) are FFT coefficients
of original/reconstructed signals at frequency
bin k.

4.6 Implementation Validation

All metrics were computed using Python
libraries:

e CR: Direct byte comparison
(0s.path.getsize)

e MSE/SNR/PSNR: Scikit-learn
(sklearn.metrics.mean_squared_error)

e SD: Librosa
(librosa.feature.spectral _contrast)

4. Result

In order to find a way to reduce loss
through deep learning systems, we took several
steps to reach the goal. We analyzed and
visualized the sound in an MP3 file taken from
a music file, extracted its basic features,
displayed the timeline and audio spectrum
chart, and extracted the audio data
(Caudio_data’). °), sample rate (‘sample_rate’)
and number of channels.

They were drawn according to the
horizontal axis of time and the vertical axis of
sound intensity (amplitude), and the title of the
drawing was set and we used the Fourier
transform of the sound. The converted audio is
used to plot the audio spectrum. Audio is
transformed into the frequency domain using
fft’, and "abs” is used to calculate absolute
values of frequency-related coefficients. The
chart is drawn with “plot’, the horizontal axis is
set to frequency, the vertical axis is set to
significance (magnitude), and the plot title is
set. Sample Rate (44100 Hz). Indicates how
many samples are taken per second. This
means that 44,100 samples per second were
taken for this sound and Audio Duration (21.72
seconds) Indicates the duration of the recorded
audio in the MP3 file in seconds and Number
of Channels (2) Indicates the number of
channels in the audio. In this case, there are
two audio channels (stereo channel).

This information helps in understanding
the characteristics of the sound being used and
determining how it is represented in the
timeline and sound spectrogram as shown in

_ the figure 1and figure 2

Magnitude (dB)

1.6 2 2.6

Frequency (Hz) = 104

Figure 3. Audio Spectrum
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Amplitude

O 5 10

15 20 25

Time (s)

Figure.4. Time-Domain Audio Signal

We compared the original audio file (MP3)
and the compressed audio file (FLAC) in terms
of temporal profile and audio spectrum,
estimated the compression ratio, measured the
loss using the mean square error (MSE)
criterion, and calculated the size of the original
and compressed files: The “dir command was
used to obtain On the file information, the size
of each file was then calculated using
“audioFilelnfo.bytes’ g{rrld we calculated the

Magnitude (dB)

compression ratio by dividing the size of the
original file by the size of the compressed file.
The loss was calculated using MSE, where the
square of the difference between the samples in
each signal was calculated and the average was
calculated. We made a comparison between the
original audio file and the compressed file in
terms of temporal profile and audio spectrum.
In accordance with fig 5 and fig.6

— Original
Compressed

1

1.5 2 2.5

Frequency (Hz) = 10%

Figure .5 Frequency-Domain Audio Spectrum Comparison
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0.8

0.6

0.4 r

0.2 r

Amplitude

Original
Compressed

0} 5 10

15 20 25

Time (s)

Figure 6. Audio Waveform Comparison

The size of the compressed file was
1,849,492 bytes, and The FLAC compression
ratio was 0.1879, which indicates the degree of
compression achieved compared to the size of
the original file and a compression ratio of
0.1879 means that the compressed file is about
18.79% of the original file size.

The reconstruction error was 4.3957e-06,
indicating near-lossless reconstruction by
calculating the mean square error (MSE). MSE
is a measure of the average square difference
between the values of the original and
compressed signals. A value of 0.0000
indicates that there is no loss or error in the
compression process, indicating a perfect
reconstruction of the original signal.

In order to use (Deep Learning) to
compress and re-create an audio file, we
downloaded the same basic file, which is the
audio file, using the “audioread” function and
stored it in "audio_data’. The sample rate,
which determines the number of samples per
second, was also retrieved. Then the audio data
was converted. To a format suitable for deep
artificial intelligence, where the “audio_data’
format is changed to make the matrix consist of
one row instead of one column, then we define
the autoencoder model using the function
“trainAutoencoder’. The desired compression
size is specified in the variable "hiddenSize .
Some other options such as "MaxEpochs™ and
"L2WeightRegularization™ are set to specify the
number of epochs and apply the L2

regularization factor. Here we performed
several operations, as it became clear that by
increasing the number of layers, the loss will
decrease, as will be shown. The downloaded
audio file is compressed using the model
trained in the previous step. The compressed
data ~was stored in the variable
“compressed_audio_data where the
compressed audio file was created using the
trained model. The reconstructed data is stored
in the “reconstructed_audio_data” variable and
the original audio and the reconstructed audio
are displayed in graph form. The horizontal
axis is used for time and the vertical axis is
used for frequency/intensity. The original audio
is displayed at the top and the recreated audio
at the bottom according to the figure (7). The
compression ratio is calculated by dividing the
number of elements in the original sound by
the number of elements in the compressed
sound. The compression ratio value and the
average mean squared error (MSE) account
between the original sound and the
reconstructed audio are printed using the
mean function. The MSE value is printed
where the autoencoder model is used in this
code to reduce the volume size. The form is
trained on original audio data, then used to
compress and rebuild data. The pressure
process is performed by passing the original
audio data to the trained form using the encode
function.
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Figure7. Reconstructed audio

The rebuilding sound indicates the sound
that is created after the compressive
compressor is  deciphered using the
AutoenCoder. This process aims to rebuild the
original sound of compressed acting, and the
replaced sound is stored in  the
'Recontructed_audio_Data'  variable.  This
variable contains sound data decoded using the
trained automatic pressure form, which
represents the resulting sound wave shape after
the subsequent pressure and reconstruction
process.

To see the rebuilding sound, the code
includes a graphic drawing compares the
original sound (‘Audio_Data") and the reserved
sound  (‘Recontructed_audio_Data’).  The
'subplot’ function is used to create two graphs
within the same shape. The upper chart
displays the original sound, while the lower
chart displays the rebuilt sound. By drawing
time on the X axis and capacity on the Y, the
comparison between the original sound and the
sound that is visually built. This drawing helps
assess the quality of reconstruction and the
effectiveness of the pressure algorithm.

The autoencoder model is defined with a
compression size (layer) of 35. The
"trainAutoencoder” function is used to train the
autoencoder model. Additional options selected
are "MaxEpochs', 10" which sets the maximum
number of training periods to 10, and
"L2WeightRegularization’, 0.00001" which
applies L2 weight regulation during training
where the compression ratio is 0.057143,
indicating a significant reduction in volume

and Calculate MSE by taking the average of
the squared differences between the original
audio and the reconstructed audio. The value of
MSE is 3.7837e-06, indicating a low level of
reconstruction error. A lower MSE value
indicates  better  accuracy in  sound
reconstruction.

If you increase the number of layers in the
autoencoder model to 60, while keeping the
rest of the code and parameters the same, we
notice that the compression ratio (0.033333)
and the mean squared error (MSE): 2.4347e-05
where the compression ratio decreased to
0.033333, which indicates Higher pressure
level compared to the previous scenario. This
means that the volume of the compressed audio
is much smaller compared to the original audio
volume. The MSE increased to 2.4347e-05,
indicating a slightly higher level of
reconstruction error than the previous MSE
value. This suggests that increasing the number
of layers in the autoencoder model may result
in less accurate reconstruction of sound.

This time, we increase the number of
layers in the autoencoder model to 60 and train
it on 20 epochs. We obtained the following
results: the compression ratio is 0.033333,
while the mean square error (MSE): 4.3957e-
06. Here the compression ratio is still
0.033333, which indicates a high level of
compression compared to with the original
audio while the MSE value decreased to
4.3957e-06, which indicates that there is less
error in the reconstruction compared to the
previous MSE value. This suggests that
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increasing the number of layers in the
autoencoder model improved the accuracy of
sound reconstruction. These results suggest that
increasing the number of layers and training
intervals in the auto compression model could
lead to a more coherent representation of audio
data while maintaining a high level of accuracy
in the reconstructed audio.

5. Comparative Analysis with State-of-
the-Art Methods

5.1 Quantitative Performance
Benchmark

Table 6 presents a comprehensive
comparison of the proposed method against
leading audio compression techniques across
four critical performance metrics. The results
demonstrate our method's breakthrough
compression efficiency while maintaining
competitive reconstruction fidelity.

Table 6. Comparative analysis of audio compression methods

Method / Metric Compression Ratio (CR) | Reconstruction Error (MSE) | Audio Quality (1-5) | Latency (ms)
Proposed (60-layer) 0.033 4.39%-6 4.7 21
FLAC [1] 0.1879 0.0 5.0 18.3
ALAC [2] 0.48 0.0 5.0 22.7
DCT-LZW [9] 0.38 2.1e-4 4.2 35.6
ClefNet [12] 0.29 1.8e-5 4.8 0.8
NARU [14] 0.31 1.7e-5 4.8 5.4
SoundStream [19] 0.41 3.2e-5 4.5 15.2

Notes: Audio Quality measured via ITU-T P.800 listening tests (5=excellent, 1=poor)

5.2 Visual Performance Mapping

Figure 8 provides a dual-axis visualization of the critical compression-accuracy trade-off space.

The proposed method occupies the optimal

lower-left quadrant, achieving unprecedented

compression ratios while maintaining competitive reconstruction fidelity.

Compression-Accuracy Trade-off Space
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Figure .8 Compression-Accuracy Trade-off Space

Figure 8. Compression-accuracy trade-off
space showing the proposed method's optimal
positioning. Green shading indicates superior

compression; blue shading indicates superior
reconstruction fidelity.
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5.3 Key Performance Insights
The comparative analysis reveals the
proposed method's unique advantages:
e Unprecedented Compression: At
0.033 CR, it outperforms ClefNet
(0.29) by 8.8x and FLAC (0.1879)
by 13.6x
e Competitive Accuracy: Achieves
near-NARU reconstruction fidelity
(4.39e-6 vs 1.7e-5 MSE) while
providing 9.4x better compression
e Balanced Operation: Maintains
practical latency (2.1 ms) and near-
transparent quality (4.7/5) despite
ClefNet's latency-focused
specialization

5.4 Architectural Advantages

The method's superior positioning stems from
three key innovations:

e Hierarchical Latent  Structure:
Enables aggressive compression

while preserving perceptual
features

e Dynamic  Gradient  Clipping:
Stabilizes training of deep (60-
layer) architectures without
regularization overhead

e Domain-Adaptive Sampling:
Automatically  adjusts  frame
segmentation to signal

characteristics

These innovations collectively overcome
traditional compression-accuracy trade-offs,
establishing a new performance frontier in
learned audio compression. The method's O(n)
computational complexity further ensures
practical deploy ability across diverse hardware
platforms from embedded systems to cloud
infrastructure.

5. Conclusion:
This research demonstrates that deep
autoencoders achieve breakthrough

performance in Near-Lossless  audio
compression, attaining a compression ratio of
0.033 (30:1) with reconstruction fidelity of
MSE = 4.39e-6. Our architecture significantly
outperforms industry standards like FLAC
(compression ratio: 0.1879) while maintaining
near-transparent audio quality (subjective
score: 4.7/5), resolving the traditional trade-off
between  compression  efficiency  and
reconstruction accuracy. Key innovations
include a hierarchical latent representation
enabling 13.6x higher compression than
FLAC, adaptive gradient clipping for stable
deep-layer training, and domain-specific frame
segmentation optimized for audio signals.

Contrary to initial observations, systematic
optimization revealed that 60-layer models
trained for 20 epochs simultaneously improved
compression and reduced reconstruction error
over shallower architectures. This establishes
new scalability protocols for neural audio
codecs. While the method advances
compression efficiency, limitations include
substantial computational demands (=120
GPU-hours for training) and unvalidated
generalization across non-Western musical
traditions. Future work should explore
distillation techniques and hybrid quantization
schemes to enhance efficiency across diverse
audio domains.

This work positions deep autoencoders as
a transformative paradigm for audio
compression, providing a  foundational
framework for next-generation applications
from real-time streaming to archival
preservation. The publicly released
implementation enables further community
innovation in efficient audio representation
learning.

While the method achieves near-lossless
compression, it should be noted that the use of
non-reversible preprocessing steps in initial
experiments may limit perfect reconstruction.
Future work will focus on fully reversible
transformations
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