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Abstract

Reservoir Computing (RC) presents a promising pathway for e�cient tem-

poral signal processing, yet its application in audio has largely been con�ned

to the role of a classi�er. This perpetuates reliance on the conventional,

multi-stage audio processing pipeline, where computationally expensive time-

frequency transformations like Mel-Frequency Cepstral Coe�cients (MFCCs)

remain a bottleneck. This ine�ciency limits the deployment of audio systems

in real-time, low-power scenarios. In this work, we fundamentally rede�ne

the use of RC for audio by introducing a uni�ed framework that collapses

the entire traditional pipeline. We demonstrate that a single reservoir can

be con�gured to function not only as a classi�er but also as a powerful fea-

ture extractor, operating directly on raw audio waveforms in the time do-

main. Speci�cally, we show the reservoir’s high-dimensional dynamics can

be trained to mimic conventional MFCC extraction, and generate equivalent

features without the need for domain transformations. Our results con�rm

that this integrated approach successfully enables end-to-end time-domain

processing from raw audio to classi�cation, signi�cantly reducing computa-

tional complexity and latency. This work establishes RC as a versatile and

e�cient alternative for audio processing, paving the way for its integration

into next-generation technologies for embedded systems, and real-time speech

interfaces.
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1
Introduction

The relentless progress of conventional computing architectures, while revolu-

tionary, is approaching fundamental physical and theoretical limitations that

necessitate exploration of alternative computational paradigms. As we reach

the atomic limits of semiconductor technology, the scienti�c community faces

three critical challenges that motivate the transition towards unconventional

computing approaches.

First, Moore's Law reveals inherent constraints in transistor scaling, where

quantum e�ects and thermal management issues prevent further miniaturiza-

tion while maintaining reliable performance (10). Second, the Von-Neumann

bottleneck, i.e., the inherent latency and energy ine�ciency caused by sep-

arating memory and processing units, becomes increasingly problematic for

data-intensive applications (11). Third, there exists a growing performance

mismatch between conventional architectures and emerging computational

needs in arti�cial intelligence, real-time processing, and complex system mod-

elling (12).

Biological systems demonstrate remarkable capabilities that highlight

these limitations. The human brain, for instance, performs complex pat-

tern recognition and adaptive learning with an energy e�ciency orders of
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magnitude superior to digital processors. In contrast to natural systems,

which routinely solve optimization problems and process noisy, uncertain

information with ease, such tasks push conventional computing approaches

beyond their limits.

These observations have spurred interest in alternative computing paradigms

that leverage: novel physical substrates (quantum, optical, or molecular

systems), Brain-inspired architectures (neuromorphic and Reservoir Com-

puting) (13), Complex dynamical systems (chaotic and emergent computa-

tion) (12). Such unconventional approaches o�er potential solutions to cur-

rent limitations through inherent parallelism, energy-e�cient computation,

and natural tolerance to noise and variability (14).

Reservoir Computing (RC) is an emerging paradigm in unconventional com-

puting that o�ers a simpli�ed yet powerful approach to processing temporal

data. Inspired by recurrent neural networks (RNNs), RC utilizes a �xed,

randomly interconnected \Reservoir" of nodes, where only the output layer

needs to be trained (15). This architecture eliminates the need for com-

putationally expensive Back-Propagation Through Time (BPTT), making

RC highly e�cient for real-time applications. The inherent dynamics of a

reservoir allow it to naturally capture temporal dependencies, which is partic-

ularly bene�cial for audio and speech processing. Given its low training cost

and compatibility with hardware implementations, RC presents a promis-

ing alternative to traditional deep learning methods, especially in scenarios

requiring energy e�ciency and rapid inference (12).
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1.1. Motivation

Modern computing systems built on Von Neumann architecture and digi-

tal logic face signi�cant challenges when dealing with real-world cognitive

tasks (11). While they perform exceptionally well at executing precise math-

ematical operations, they struggle with processing sensory data, pattern

recognition, and adaptive learning tasks that biological systems handle e�ort-

lessly (13). This e�ciency gap has motivated the exploration of bio-inspired

computing paradigms that move beyond traditional digital logic.

The human brain serves as a powerful inspiration, demonstrating remark-

able computational e�ciency through massively parallel networks of neurons

that process continuous analogue signals (16). This biological architecture

enables real-time perception and learning with minimal energy, capabilities

that remain challenging for conventional computers to replicate (17). Rather

than executing programmed algorithms sequentially, the brain's operation

suggests that computation can be viewed as an emergent property of a phys-

ical system's dynamics (18).

This insight underpins the �eld of neuromorphic (brain-inspired) com-

puting, which seeks to replicate the brain's information processing principles

in hardware and software. Neuromorphic systems are a leading example of

unconventional computing|a paradigm that exploits the natural physics of

a system to perform computations| often maintaining information in its

native, non-binary form (19). This thesis explores the principles of neural

networks, tracing their inspiration from biological computation to their im-

plementation as a powerful tool for overcoming the limitations of conventional
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computing architectures (12).

In recent years, the landscape of temporal signal and audio processing

has been radically transformed by the emergence of deep attention-based

architectures, most notably Transformers (20) and Large Audio-Language

Models (LLMs) (21). Frameworks like Whisper (22), AudioLM (23), and

Wav2Vec 2.0 (24) leverage massive multi-head self-attention mechanisms

to learn high-quality contextual representations directly from audio data,

achieving state-of-the-art performance across speech recognition, synthesis,

and acoustic scene classi�cation tasks. However, these modern AI architec-

tures come with severe computational bottlenecks. They require massive

parallel hardware infrastructures, huge parameter footprints, and intense

memory bandwidth during inference. This reliance makes the deployment

of transformers highly impractical for low-power, edge-based, and real-time

streaming scenarios. This technological constraint underscores the critical

necessity for e�cient alternative paradigms like Reservoir Computing (RC),

which can capture complex high-dimensional temporal dynamics without the

prohibitive training overhead and parameter scale of transformer-based sys-

tems (25).

One of the key advantages of RC in audio processing is its ability to

process temporal sequences with minimal training overhead. Unlike tradi-

tional RNNs, which require extensive parameter tuning, RC leverages a �xed

reservoir that projects input signals into a high-dimensional space, where

simple linear regression can be used to train the readout layer (15). This

approach signi�cantly reduces computational complexity while maintaining

competitive performance in tasks like speech recognition and sound classi�-



1.1 Motivation 5

cation (26). Moreover, the reservoir's dynamic properties enable it to sep-

arate useful signal features from noise, enhancing robustness in real-world

environments (27). These characteristics make RC particularly suitable for

applications such as hearing aids, voice-activated devices, and real-time au-

dio analysis systems (28).

A critical area of exploration is the implementation of RC in physical hard-

ware (29), (30), which could revolutionize energy-e�cient audio processing.

Delay-based reservoirs (31), for example, use a single non-linear node with

delayed feedback to emulate the behaviour of a large recurrent network, dras-

tically reducing hardware complexity (6). Memristor networks (32), which

rely on nanoscale resistive memories, o�er another promising avenue by en-

abling analogue computation with minimal power consumption (33). Pho-

tonic reservoirs (34), leveraging light-based signal processing, could further

accelerate real-time audio applications due to their inherent parallelism and

speed (35), (36). By simplifying audio signal processing for these hardware-

compatible reservoirs, researchers can contribute to the development of next-

generation, low-power devices capable of human-like auditory performance.

Ongoing investigations into RC's potential in audio signal processing aim to

address the limitations of current technologies while paving the way for in-

novative solutions. By combining the e�ciency of Reservoir Computing with

advancements in neuromorphic engineering, future systems could achieve

real-time, energy-e�cient audio processing that rivals biological systems (13).

This research not only advances the �eld of unconventional computing but

also holds signi�cant implications for healthcare, consumer electronics, and

industrial applications where reliable, low-power audio processing is essen-
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tial (17). As the �eld progresses, the integration of hardware reservoirs with

machine learning techniques may unlock new possibilities in audio signal

processing.

1.2. The Reservoir Computing Paradigm

Reservoir Computing takes its conceptual roots from recurrent neural net-

works (RNNs), which are known for their ability to process temporal data

by maintaining an internal state that evolves over time (37). However,

training traditional RNNs is computationally expensive due to the chal-

lenges of back-propagation through time and vanishing gradients (38). Reser-

voir Computing circumvents these di�culties by adopting a unique architec-

ture where only the output layer is trained, while the reservoir|a �xed,

high-dimensional dynamical system|remains untrained (39). This reservoir

serves as a complex, non-linear transformation of the input data, projecting

it into a higher-dimensional space where linear separation becomes feasi-

ble (40). The elegance of RC lies in its simplicity: rather than optimizing

every component of the network, it leverages the natural computational prop-

erties of the reservoir itself, whether implemented in software, hardware, or

even biological substrates (14).

The versatility of Reservoir Computing is evident in its wide range of

implementations. In its classical form, echo state networks (ESNs) and liquid

state machines (LSMs) use randomly connected arti�cial neurons to create

the reservoir (39), (40). More recently, researchers have demonstrated that

physical systems, such as optical cavities (35), memristive devices (33), or

even water droplets (41), can function as reservoirs when exploiting their
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intrinsic dynamics for computation. This shift toward physical Reservoir

Computing opens new possibilities for ultra-fast, low-power computing in

edge devices and embedded systems (14). Furthermore, RC has proven highly

e�ective in tasks requiring temporal memory and prediction, including speech

recognition (26), robotic control (25), �nancial forecasting (42), and even

modelling chaotic systems (15).

As we delve deeper into the principles and applications of Reservoir Com-

puting, it becomes clear that this paradigm o�ers a unique combination of

e�ciency, scalability, and biological plausibility (43), (18). While RC is tra-

ditionally celebrated for its theoretical e�ciency, its most compelling applica-

tion lies in the real-time processing of high-dimensional temporal signals (44).

In the context of end-to-end audio processing, RC o�ers a path toward low-

latency feature extraction and classi�cation without the prohibitive training

costs of standard recurrent architectures. However, the transition from sym-

bolic audio representations to raw signal processing necessitates a deeper un-

derstanding of the Reservoir. This work explores how RC can be optimized

for audio signal processing, aiming to develop a framework that maintains

high accuracy within an end-to-end pipeline.

1.3. Research Hypothesis and Objectives

E�ective audio processing is increasingly essential for many modern tech-

nologies, including communications, computerized speech transcription and

translation, speaker veri�cation etc. (45).

The majority of contemporary audio processing entails translating audio

signals to the frequency-domain. Most of these translations eliminate the
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time information in the signal and introduce limitations like the irreversible

loss of precise time-localized features during Fourier transformations, which

signi�cantly hinders tasks that require precise temporal alignment (46), and

signi�cant computational overhead from repeated domain conversions. These

drawbacks limit neural networks' capacity to extract the best representa-

tions straight from unprocessed waveforms, and they also require signi�cant

resources for pre-processing instead of core model optimization.

A prevalent approach in audio analysis is the extraction of Mel Frequency

Cepstral Coe�cients (MFCC). The core strength of MFCCs lies in their bi-

ological relevance, and the �ltering process is speci�cally designed to mimic

the human auditory system, which perceives frequency non-linearly. The

standard MFCC extraction process involves multiple computationally de-

manding stages: pre-emphasis and framing of the input signal, followed by

Fourier Transformation through FFT, application of Mel-scale Filter-Banks,

logarithmic compression, and �nally Discrete Cosine Transform to produce

the cepstral coe�cients (47). Research indicates this conventional approach

requires signi�cantly more computational resources (48).

More than half of the processing time is spent on the FFT and Mel-Filter-

Bank procedures alone. The repeated domain conversions not only increase

latency but also create memory bottlenecks, particularly for real-time ap-

plications (49). This complexity has motivated us to explore time-domain

alternatives that could potentially replicate MFCC-like features, so that the

process is simpli�ed and the burden of calculating extra time dependent co-

e�cients is avoided.

The utility of neural networks in the audio signal processing domain has
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been explored for a long time, since it is a complex task. Reservoir frame-

works present an opportunity here, because the burden of training is reduced

as it is limited to the readout. It is possible to solve several tasks with a single

input by adding multiple readouts to a single reservoir (50). Hence, multi-

tasking can be e�ciently or e�ectively employed using reservoirs. The echo

state property of a reservoir gives the system memory so that it can process

time series (51). The fading memory property of a reservoir allows the sys-

tem not to saturate. Furthermore, the reservoir has the ability to perform

non-linear transformations (52). All these qualities of a reservoir show that

it is a suitable �t for temporal signal processing (53).

Based on the aforementioned RC properties, this work aims to integrate

reservoir dynamics directly into the audio processing chain to minimize pre-

processing overhead, leading to the formulation of the following hypotheses:

1.3.1. Hypothesis

Hypothesis An end-to-end Reservoir Computing approach is capable of

performing all signal processing functions within an audio processing system,

including feature extraction and classi�cation.

Sub-Hypothesis 1 (Ch4): A Reservoir based classi�er achieves com-

parable performance to conventional classi�ers using MFCC features.

Sub-Hypothesis 2 (Ch5): Reservoir Computing can successfully repli-

cate key MFCC features, simplifying the feature extraction process exploiting

time-domain operation.

Sub-Hypothesis 3 (Ch6): The e�ectiveness of Reservoir-based feature
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extraction can be improved by training it on MFCC-inspired convolutions.

Sub-Hypothesis 4 (Ch7): A Reservoir-based architecture, operating

directly on the raw audio waveform, can capture su�cient discriminative

acoustic information, eliminating the need for separate feature extraction

stage.

1.3.2. Research Objectives

Objective 1: To implement the RC-based practical applications (e.g., speech

recognition, speaker identi�cation) utilizing standard MFCC inputs and eval-

uate the performance metrics (e.g., accuracy, NRMSE), establishing a per-

formance baseline for reservoir-based audio processing.

Objective 2: To engineer the Reservoir Computing system parameters,

so that it can extract audio features (MFCC) in the time domain from the raw

waveform input, demonstrating the reservoir's capacity to encode complex

acoustic characteristics without explicit frequency-domain transformations.

Objective 3: To develop a reservoir-based MFCC inspired convolution

feature, compare its' performance against the conventional MFCC pipeline

and to validate its ability in capturing transient acoustic information.

Objective 4: To evaluate the feasibility of a uni�ed reservoir architecture

that operates on raw audio that autonomously extract salient information

from raw waveforms and successfully execute classi�cation tasks without the

intervention of traditional feature extraction techniques.

Objective 5: To utilize Echo State Networks (ESNs) as a scalable frame-

work for neuromorphic audio processing. By leveraging their inherent time-

domain dynamics, this research provides a direct pathway for translating
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energy-e�cient, real-time speech recognition onto neuromorphic hardware,

moving closer to the goal of neuromorphic hearing.

1.4. Contributions

Throughout the process of this work, several key contributions have been

made to the academic discipline of audio signal processing with Reservoir

Computing:

ˆ Evaluating the reservoir's E�cacy as a Novel Audio Feature

Extractor: This work rigorously proves the ability of the Reservoir

Computing system (speci�cally the ESN) to function as a high-quality,

non-linear audio feature extractor. This validation establishes a new

paradigm for feature generation outside of conventional deep neural

networks and signal processing toolkits.

ˆ Development of Pure Time-Domain Audio Features: We suc-

cessfully developed and validated a set of novel Audio Features in the

Time Domain by leveraging Reservoir Computing. This methodol-

ogy fundamentally bypasses all intermediate domain conversions (e.g.,

FFT, DCT, Mel-Filter Banks), thus solving the primary challenge of

computational overhead and latency associated with traditional frequency-

domain feature pipelines.

ˆ Demonstration of End-to-End, Low-Complexity Audio Pro-

cessing: This research proves the e�cacy of using a simple Echo

State Network (ESN) as a complete feature extraction pipeline, thereby

achieving end-to-end audio processing. This signi�cantly simpli�es the
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overall audio processing architecture, eliminating the need for expen-

sive pre-processing.

ˆ Validation as a Computationally Lean Alternative to MFCCs:

We validated the ability of the reservoir based features to achieve

competitive performance in downstream tasks. This demonstrates the

potential of time-domain Reservoir Computing as a lightweight, low-

complexity alternative to resource-intensive frequency-domain meth-

ods, simplifying the audio processing pipeline.

ˆ Development of a Parameter-Lean and Streamlined Architec-

ture: The proposed model utilizes a �xed-weight reservoir with a min-

imal number of neurons, signi�cantly reducing the volume of trainable

parameters and the associated optimization overhead. This provides a

functional alternative to conventional deep learning models, which typ-

ically rely on massive datasets and extensive gradient-based updates

across high-dimensional parameter spaces.

ˆ Simultaneous Mapping of multiple Acoustic Coe�cients within

a Single Reservoir Framework By leveraging the rich dynamical

states of Reservoir Computing, we established a single, �xed reservoir

capable of driving 14 independent, parallel readout layers. This archi-

tecture enables the simultaneous extraction of distinct Mel-Frequency

Cepstral (MFC) coe�cients from a single raw audio input, demonstrat-

ing the framework's e�ciency in multiplexing diverse signal character-

istics through a shared computational core.

ˆ Validation of Direct Waveform-to-Task Mapping: We demon-
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strate the capacity of the reservoir framework to inherently capture and

represent salient acoustic patterns directly from raw waveforms. This

proves that the reservoir's internal dynamical states can process audio

signal directly, bypassing the need for traditional signal-to-frequency

transformations or hand-engineered descriptors.

ˆ Advancing Neuromorphic Solutions for Audio Signal Process-

ing: By utilizing the principles of biologically inspired Echo State Net-

works (ESNs), this research bridges the gap between neuromorphic

computing and current audio processing challenges, o�ering a scalable

and energy-e�cient foundation for next-generation, real-time speech

and auditory recognition systems.

1.5. Thesis Outline

This thesis is structured to transition systematically from reservoir-based

emulations of traditional features to fully autonomous, end-to-end raw audio

processing. The following chapters detail this progression:

Chapter 1 and 2- Introduction and Background: These chapters

establish the research motivation and hypothesis, de�ne the core objectives,

and outline the original contributions of the work. Additionally, they pro-

vide the necessary theoretical background and reviewing literature relevant

to Reservoir Computing and audio processing.

Chapter 3- Dataset and Experiments: The chapter provides the empiri-

cal foundation of the research, detailing the datasets used and the experiment

methodology used.
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Chapter 4- Reservoir Computing for Audio Classi�cation: This

chapter evaluates the e�cacy of Reservoir Computing (RC) as a framework

for audio signal classi�cation. It details the architectural con�guration of the

reservoir and provides a comprehensive analysis of its performance across var-

ious acoustic benchmarks, emphasizing its capacity for high-accuracy tem-

poral pattern recognition.

Chapter 5- Feature Extraction by Mimicking MFCC Function: This

chapter investigates the capacity of Reservoir Computing (RC) to generate

features that mimic standard Mel Frequency Cepstral Coe�cients (MFCCs).

It sets as an initial experiments for end-to-end performance validation. The

limitations in mimicking MFCC led to the development of extracting MFCC

in time domain as explained in next chapter.

Chapter 6- Feature Extraction by Convolution: Building upon

the mimicking approach, this chapter explores the synthesis of Mel Filter-

Banks using RC-based convolution. It simpli�es the entire MFCC pipeline

using Reservoir Computing, achieving comparable result. The �ndings posi-

tion Reservoir Computing as a viable, end-to-end alternative to traditional

frequency-domain feature engineering in neuromorphic systems.

Chapter 7- \Feature-Free" Audio Processing: This chapter ex-

plores the transition from shallow RC architectures to Deep Reservoir Com-

puting (DRC) for direct raw audio signals. Speci�cally, it analyses the per-

formance disparities between series-connected and parallel-connected deep

architectures when processing waveforms without prior feature extraction.

Chapter 8- Discussion: This chapter o�ers a comparative analysis of

the reservoir's dual roles as a classi�er and a feature extractor, addressing the
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speci�c challenges of raw signal processing and the necessity of multi-scale

temporal architectures.

Chapter 9- Conclusion and Future Work: This chapter provides a

de�nitive summary of the study's contributions, speci�cally validating the

use of Reservoir Computing for raw time-domain audio analysis. Further-

more, it identi�es critical areas for future development.

Appendix A: Combining MFCC and Wavelet Features in Time-

Domain: This appendix introduces the time domain Mel Frequency Wavelet

Coe�cient (MFWC). It describes the methodology for designing a Time-

Domain Mel Filter-Bank (TDMFB) and evaluates the computational e�-

ciency of extracting and combining MFCC and Wavelet Coe�cients via con-

volution. This method is proposed as a specialized alternative to traditional

frequency-domain extraction for real-time applications.

Appendix B: Supplementary Experiments: This appendix provide

supplementary documentation on the signal transformation pipeline and ex-

perimental cross-validation between traditional Matlab-based methods and

reservoir-based feature extraction. They also detail the mathematical frame-

works for data reduction and the implementation of acoustic coe�cient ex-

traction via time-domain convolution.



2
Background

This chapter provides a comprehensive overview of the foundational theo-

ries and methodologies underlying real-time, low-power neuromorphic audio

processing. It begins by tracking the progression from general Arti�cial Intel-

ligence (AI) and Machine Learning (ML) to the architectural layout of Arti-

�cial Neural Networks (ANNs). This computational timeline establishes the

conceptual framework for Reservoir Computing (RC), evaluating their tem-

poral dynamics as low-overhead alternatives to fully trained recurrent struc-

tures. Following this foundational computing review, the discussion transi-

tions to signal processing fundamentals, examining human speech production

along with conventional acoustic extraction methodologies|speci�cally Mel-

Frequency Cepstral Coe�cients (MFCCs) and Wavelet Transforms. Finally,

the chapter identi�es critical literature gaps in current audio feature extrac-

tion.

2.1. Arti�cial Intelligence

Arti�cial Intelligence (AI) represents one of the most transformative tech-

nological advancements of the modern era, enabling machines to perform

tasks that traditionally required human intelligence (54). AI systems are
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capable of analysing enormous volumes of data, identifying patterns, and ac-

curately adapting to new information by mimicking cognitive processes like

learning, reasoning, problem-solving, and decision-making. From virtual as-

sistants and recommendation systems to autonomous vehicles and medical

diagnostics, AI is reshaping industries and rede�ning how humans interact

with technology (55). Its rapid evolution continues to push the boundaries

of what machines can achieve, blurring the line between human and arti�cial

capabilities.

The foundation of AI lies in its ability to process and interpret com-

plex data through sophisticated algorithms and computational models. A

fundamental component of arti�cial intelligence, machine learning enables

systems to learn from experience and gradually advance their performance

without the need for explicit programming. Deep learning, a more advanced

technique, leverages neural networks with multiple layers to model intricate

patterns in unstructured data such as images, speech, and text (56). These

advancements have led to breakthroughs in natural language processing, com-

puter vision, and robotics, making AI a vital tool for resolving problems in

the real world.

As AI continues to integrate into everyday life, fostering responsible in-

novation and governance will be crucial in maximizing its potential while

mitigating risks (57). Looking ahead, AI has the potential to transform in-

dustries like healthcare, education, and sustainability, o�ering unprecedented

opportunities to address global challenges and enhance human progress (58).

With new developments like explainable AI, quantum computing, and

human-AI cooperation in
uencing the next wave of innovation, the future of
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AI is expected to be even more dynamic. AI's revolutionary in
uence will

only increase as researchers and developers dive into new areas, strengthening

its position as a pillar of technological progress. (54).

2.2. Machine Learning

Machine Learning (ML) has emerged as a revolutionary branch of arti�cial

intelligence that enables systems to automatically learn and improve from

experience without being explicitly programmed (57). By developing algo-

rithms that can analyse data, identify patterns, and make intelligent deci-

sions, ML has become a driving force behind many modern technological

innovations. From personalized recommendations on streaming platforms

to fraud detection in banking and predictive diagnostics in healthcare, ML

applications are transforming industries and enhancing decision-making pro-

cesses across numerous domains (59).

At its core, machine learning relies on statistical techniques and com-

putational models that allow computers to learn from data (60). The �eld

encompasses several distinct approaches, including supervised learning where

models are trained on labelled datasets, unsupervised learning which discov-

ers hidden patterns in unlabelled data, and reinforcement learning where al-

gorithms learn through trial-and-error interactions with environments (61).

These methodologies power everything from speech recognition systems and

image classi�cation to autonomous vehicles and �nancial forecasting tools,

demonstrating ML's versatility in handling diverse problem types (56).

Machine Learning strives to solve complex non-linear problems|such as

recognizing intricate speech patterns or processing the temporal signals found
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in delay-feedback masking|by utilizing Neural Networks as its primary com-

putational engine (62). By mimicking biological structures, these networks

allow ML to move beyond simple linear logic through layers of intercon-

nected nodes that deconstruct high-dimensional data into manageable fea-

tures (56). This architectural depth enables the system to iteratively tune

internal weights, transforming raw inputs into meaningful predictions.

2.3. Arti�cial Neural Networks

Arti�cial Neural Networks (ANNs) are computational models inspired by

the biological brain, designed to learn complex mappings from data (56). At

their core, ANNs consist of interconnected processing units (neurons) that

collectively can approximate a wide variety of non-linear functions. The

fundamental operation of a single neuron involves computing a weighted

sum of its inputs and applying a non-linear activation function. For an input

vector x = [x 1; x2; :::; xN ]T , the output y of a neuron is given by:

y = �(w T x + b) (2.1)

where w are the connection weights, b is a bias term, and �(�) is the activation

function (e.g., tanh, ReLU).

ANNs are broadly categorized by their connectivity patterns. The two

primary classes most relevant to this work are Feed-forward Neural Networks

(FNNs) and Recurrent Neural Networks (RNNs).
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2.3.1. Feed-forward Neural Networks

In Feed-forward Neural Networks (FNNs), information 
ows strictly from the

input layer, through one or more hidden layers, to the output layer without

any cycles. This architecture implements a static, memoryless mapping from

input to output.

For a network with L layers, the forward pass is described by:

h (l) = � (l) (W (l) h (l�1) + b (l) ) (2.2)

where h(l) is the activation vector of layer l, with h(0) = x (the input) and

h (L) = y (the output). W (l) and b(l) are the weight matrix and bias vector

for layer l, respectively.

FNNs are typically trained using back-propagation and gradient descent

to minimize a loss function L (63). While powerful for spatial pattern recog-

nition (e.g., image classi�cation (64)), their lack of internal state makes them

unsuitable for processing temporal sequences directly.

2.3.2. Recurrent Neural Networks

Recurrent Neural Networks (RNNs) extend FNNs by introducing directed

cycles in their connection graph, allowing them to maintain an internal state

or memory of previous inputs (2). This makes them inherently suited for

processing time-series data, such as audio or text.

The dynamics of a simple RNN at discrete time step t are governed by:

h (t) = �(W in x (t) + W rech (t�1) + b) (2.3)
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where h(t) is the hidden state (or context) at time t, x(t) is the input vector,

W in is the input weight matrix, W rec is the recurrent weight matrix, and

b is the bias vector. The output y(t) is typically computed from the hidden

state as y(t) = W out h (t) .

While theoretically powerful, training RNNs using back-propagation through

time (BPTT) is notoriously di�cult due to the problems of vanishing and

exploding gradients, which hinder the learning of long-range temporal de-

pendencies (65).

2.4. Fundamentals of Reservoir Computing

Reservoir Computing is a recently developed, bio-inspired, paradigm in machine-

learning. Reservoir Computing is a framework for computation derived from

the theory of recurrent neural networks that maps input signals into higher

dimensional computational spaces via the dynamics of a �xed, non-linear

system known as a reservoir. After the input signal is fed into the reservoir,

which is treated as a 'black box' (66), a straightforward readout mechanism

is trained to read the state of the reservoir and map it to the desired out-

put (67). An RNN is created at random and just a readout is trained in

Reservoir Computing.

Since RNN development is sluggish and challenging, in 2001 Wolfgang

Maass and Herbert Jaeger independently suggested Liquid State Machines (4)

and Echo State Networks (68) as fundamentally new approaches to RNN de-

sign and training. Reservoir Computing is a term that is being used more

and more frequently to refer to this method, which has roots in compu-

tational neuroscience (69) and later consequences in machine learning as
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the Backpropagation-Decorrelation (70) learning rule. The drawbacks of

gradient-descent RNN training are avoided by the RC paradigm. This made

it much easier to use RNNs in real-world applications and outperformed tra-

ditional fully trained RNNs in many tasks (71).

2.4.1. Advantages of Reservoir Computing

Reservoir Computing is a unique system design and has various bene�ts. The

simplicity of the training process, which makes learning swift and stable, is

the �rst bene�t. The weights in the network are not always selected for

training in the Reservoir Computing framework (72). Instead, the training

is mostly for the readout portion, which reduces the number of parameters

that need to be set and speeds up training considerably. The training can

be carried out with a straightforward linear regression or ridge regression,

and the ideal set of weights can be induced all at once through a batch

learning procedure, making the entire learning process simple and stable.

This is especially true if the readout part is set as linear and static weights.

Reservoir Computing is simple, this does not imply that RC is less powerful

than conventional machine learning techniques (73).

The second bene�t is its simplicity in sequential learning or multitask-

ing (73). Multitasking can be securely done in the Reservoir Computing

framework because the training is essentially limited to the readout portion

and there is no interaction between the tasks.

The third bene�t is the freedom and variety in reservoir selection. The

fundamental idea behind RC is to utilise the reservoir's inherent dynamics by

outsourcing learning (which calls for some parameter tuning) to the readout
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component. This particular con�guration allows reservoirs to be any dynam-

ical system rather than just an RNN. This idea naturally leads us to exploit

the physical dynamics as a reservoir instead of using the simulated dynam-

ics inside the PC. This framework is called Physical Reservoir Computing

(PRC) (30).

Reservoirs are high-dimensional (74). Many tasks cannot be accurately

solved by a simple linear relation between the u and ytarget . In such situa-

tions one has to resort to non-linear models. A number of generic and widely

used approaches to non-linear modelling are based on the idea of non-linearly

expanding the input u(n) into a high-dimensional feature vector x(n)"RN x ,

and then utilizing those features using linear methods, for instance by linear

regression or computing for a linear separation hyperplane, to get a reason-

able y. This transformation from input space into higher dimensional space

is an advantage of reservoir (1).

2.4.2. General Model

ESNs are used in supervised temporal ML problems when the desired tar-

get output signal ytarget (n)"R N y is known for a given training input signal

u(n)"R Nu . Here, T is the number of data points in the training dataset, and

n = 1,..., T is the discrete time. Figure 2.1 shows an example of a generic

architecture of the Reservoir. The state equations used in training with a

forced teacher are:

x(n + 1) = f(W res
res x(n) + W res

inp u(n) + W res
out y(n) + W res

bias) (2.4)

ytarget (n + 1) = W out
res x(n + 1) + W out

inp u(n) + W out
out y(n) + W out

bias (2.5)



24 Background

Figure 2.1: Reservoir general model (1)
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Here, all weights matrices to the reservoir (Wres) are initialized at random,

while all connections to the output (Wout ) are trained (1).

The task is to learn a model with output y(n)"RN y ,where y(n) matches

ytarget (n) as well as possible, minimizing an error measure E(y; ytarget ), and,

more importantly, generalizes well to unseen data. The error measure 2 is

typically a Mean-Square Error (MSE). For example Root-Mean-Square Error

(RMSE) is given by:

E(y; y target ) = 1=N y

N yX

i=1

vu
u
t 1=T

TX

n=1

(yi (n) � y target
i (n)) 2; (2.6)

The key metric driving the evaluation and parameter optimization process

is the multi-dimensional Normalized Root Mean Square Error (NRMSE).

Unlike absolute error metrics, this formulation computes the tracking resid-

uals across all target feature channels, normalized by their combined average

standard deviation, and is formally de�ned as:

NRMSE =
1

N y

P N y
i=1

q
1
T

P T
n=1

�
yi (n) � y target

i (n)
� 2

1
N y

P N y
i=1

q
1
T

P T
n=1

�
ytarget

i (n) � ytarget
i

� 2
(2.7)

where Ny represents the total number of target feature channels, T is the

discrete time horizon, yi (n) is the predicted output, ytarget
i (n) istarget output

and ytarget
i is the mean of the target. This provides a standardized, bounded

measure of prediction accuracy where an NRMSE approaching 0 represents

near-perfect waveform replication, while a value of 1 indicates performance

no better than a primitive baseline mean predictor. Crucially, this metric

is highly sensitive to the amplitude and variance of the signal. Because the
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denominator depend on target volatility, higher 
uctuations in signal can

produce disproportionately high NRMSE spikes|even when the Echo State

Network has successfully captured the core structural trends.

2.4.3. Global Parameters of the Reservoir

The tuple (W in ; W; �) determines the reservoir. The leakage rate is chosen

as a free parameter itself, and the input and recurrent connection matri-

ces Win and W are generated at random based on the parameters speci�ed

subsequently (75).

In analogy to other machine learning, and especially neural networks,

approaches, what we call parameters here could as well be called meta-

parameters or hyper-parameters, as they are not concrete connection weights

but parameters governing their distributions. To more accurately describe

them, we shall refer to them as global parameters, or just parameters for con-

venience. The de�ning global parameters of the reservoir are: the size (Nx ),

sparsity, distribution of non-zero elements, and spectral radius(W) scaling(-s)

of W in , and the leaking rate(�) (76).

Size of Reservoir:

The number of units in the reservoir, denoted by Nx , is a clearly impor-

tant parameter. According to conventional wisdom, larger reservoirs pro-

duce greater performance that can be attained, provided that over�tting is

properly regularised. Reservoir sizes of order 104 are not unusual because

an ESN is computationally inexpensive to train and maintain compared to

other RNN techniques. The larger the space of reservoir signals x(n), the
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easier it is to identify a linear combination of the signals to approximate the

ytarget . The reservoir can only be overly large when the task is trivial and

there is a dearth of data.

Each trial should not take too long because the adjustment of global

parameters frequently requires numerous iterations. Even though good pa-

rameters are typically transferable to larger reservoirs, this can be veri�ed

through several trials with larger reservoirs. Considering the number of in-

dependent real values that the reservoir must remember from the input in

order to complete the task allows one to roughly estimate a bottom bound

for the reservoir size Nx . The maximum number of values that may be saved,

or the memory capacity, in ESN is limited to Nx . Nx must at least equal the

estimated number of independent real values that the reservoir must be able

to recall from the input in order to complete its duty.

Sparcity of the Reservoir:

In the early ESN publications, sparse reservoir connections that is, setting

most of the elements in W to zero were advised. The reservoir's sparsity

generally has little impact on performance and is not given high attention

for optimization. But the performance is marginally improved by sparse con-

nections. Also, if sparse matrix representations are applied, sparsity permits

quick reservoir updates. If a �xed fanout number is speci�ed regardless of

reservoir size, the computational cost of network state updates increases only

linearly rather than quadratic with the network size. This signi�cantly lowers

the cost of maintaining large reservoirs.



28 Background

Distribution of Non-zero Elements:

The matrix W is normally produced sparse, and non-zero members typically

have one of three distributions: a discrete bi-valued, symmetrical uniform,

or normal distribution with zero at the centre. Popular distributions include

Gaussian and uniform. Both distributions perform nearly identically. Al-

though there is a non-zero chance of similar neurons in the discrete bi-valued

distribution, this may make it simpler to analyse what is happening in the

reservoir. Typically dense but with the same type of distribution as W, the

input matrix W in is created.

Spectral Radius (�(W)):

The spectral radius of the reservoir connection matrix W, or the greatest ab-

solute eigenvalue of this matrix, is one of the most important global charac-

teristics of an Echo state network(ESN). The matrix W is scaled, or, another

way to look at it, the width of the distribution of its non-zero components is

scaled.

A random sparse W is often created, its spectral radius �(W) is calculated,

W is divided by the calculated spectral radius to produce a matrix with a

unit spectral radius, which is then simply scaled with the �nal spectral radius

to be determined in a tuning operation.

The reservoir must ful�l the echo state property, according to which the

state of the reservoir x(n) must be solely determined by the fading history of

the input u(n) in order for the ESN technique to function. In other words,

the reservoir state x(n) should not be dependent on the initial circumstances

that existed before the input for a long enough input u(n).
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When the reservoir's nonlinearity is high enough, large �(W) values might

cause many �xed point, periodic, or even chaotic spontaneous attractor

modes, which violates the echo state property. Even though it is possible

to violate the echo state property even with �(W) < 1, this is unlikely to

happen in practice.

Input Scaling:

Another crucial parameter in an ESN to be optimised is the scaling of the

input weight matrix (W in ). When input weights are normally distributed,

one may use the standard deviation as a scaling measure. For uniformly

distributed input weights, the input scaling is often de�ned as the range of

the interval [ a; a] from which values of Win are sampled. A single scaling

value is frequently used to scale all the columns of Win in order to have a

small number of freely changeable parameters. However, it is possible to

separate the optimization of the scaling of the �rst column of Win from the

other columns, which corresponds to the bias input to the reservoir units.

It may be useful to have a bound for the range of input data values. For

instance, apply the tanh() squashing to u(n) if its distribution is unbounded.

Otherwise, outliers might cause the reservoir state x(n) to move into regions

that are unfamiliar to it and are not well covered by its typical working

trajectories, for which the global parameters have been tuned or the outputs

have been learned. This can lead to a virtual loss of useful memory (due

to saturation in the activation non-linearities) or unpredictable outputs at

these points, respectively.

The input scaling regulates the amount of nonlinearity of the reservoir
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representation x(n) (also increasing with �(W) and the relative e�ect of the

current input on x(n) as opposed to the history (in proportion to �(W)).

Leaking Rate:

The leaking rate,is a crucial parameter that controls the speed of the reser-

voir's dynamics, e�ectively determining how quickly the reservoir state up-

dates in response to new inputs. The reservoir update dynamics in continuous

time can be described as an Ordinary Di�erential Equation (ODE)

x : = �x + tanh(W in [1; u] + Wx): (2.8)

Euler's discretization of this ODE in time, taking

�x=�t = (x(n + 1) � x(n))=�t = x :; (2.9)

we arrive at exactly the discrete time equations with � taking the place of

the sampling interval �t. Thus, might be thought of as the space of time in

the discrete realization of continuous universe between two successive time

steps. Additionally, when the signals are slow, the e�ect of setting is empir-

ically comparable to that of re-sampling u(n) and ytarget (n). In some cases

setting a small �, and thus inducing slow dynamics of x(n), can dramatically

increase the duration of the short-term memory in ESN (76).

While there are guiding intuitions for establishing each ESN reservoir

parameter, some of them are easier to adjust than others. In ESN reservoir,

the following three factors should be optimised
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ˆ input scaling,

ˆ spectral radius,

ˆ leaking rate.

These three factors are particularly task-speci�c and crucial for a good per-

formance. While the rest of the parameters can be set to suitable default

levels, the reservoir size Nx virtually acts as an external restriction.

2.4.4. Requirements

A physical reservoir must meet a number of characteristics in order to e�ec-

tively complete computational activities (77), (76).

High Dimensionality:

To map inputs into a high-dimensional domain, high dimensionality is re-

quired. In classi�cation tasks, this trait makes it possible to separate inputs

that were previously inseparable, and in prediction tasks, it makes it pos-

sible to read out the spatiotemporal dependencies of inputs. The quantity

of distinct signals extracted from the reservoir is correlated with the dimen-

sionality.

Non-linearity:

In order for a reservoir to function as a non-linear mapping, nonlinearity is

required. In classi�cation tasks, this attribute enables the transformation

of nonlinearly separable data into linearly separable inputs. It can also be

e�ectively used to extract non-linear input relationships in prediction tasks.
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Fading Memory:

To make sure that the reservoir state depends on recent past inputs but is

independent of distant past inputs, fading memory (or short-term memory)

is required. The in
uence of earlier inputs on the current reservoir states

and outputs asymptotically fades o�, which is also known as the \echo state

property." A characteristic like this is crucial when describing sequential data

with transient dependencies.

Separation Property:

To categorize the responses of a reservoir to various signals into discrete

groups, separation property is necessary. In contrast, a reservoir ought to

be impervious to unimportant minor changes like noise so that similar in-

puts can be grouped together. Therefore, it is frequently advised that the

parameter be set close to the transition point where the transformation by

a reservoir is neither extremely expanding nor very contracting when a sys-

tem parameter adjustment results in a transition between non-chaotic and

chaotic regimes (78).

2.4.5. Types of Reservoir Computer Systems

With the advent of Echo State Networks (ESNs) (68) and Liquid State Ma-

chines(LSMs) (4) about two decades ago, a new movement toward under-

standing, training, and employing Recurrent Neural Networks (RNNs) was

initiated. Both approaches have the same fundamental concept, even though

the former originated in the �eld of Machine Learning (ML) and the latter

in computational neuroscience. There are many types of Reservoir Com-
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puting systems developed from this basic concept, however, let us evaluate

three of particular interest; Echo State Networks, Liquid State Machines,

and Delayed Feedback Reservoirs.

Echo State Networks

The echo state network is based on the �nding that training simply a linear

readout from a random RNN with speci�c algebraic features can frequently

lead to outstanding performance in real-world applications. Recent years

have seen the emergence of echo state networks (ESNs), which are novel re-

current neural networks (RNNs) capable of processing time series with high

non-linear mapping capacity and dynamic memory. The hidden layer (reser-

voir) of an ESN contains sparse random connections, and its only parameters

are the output weights, which may be modi�ed using straightforward linear

regression. As a result, ESNs and their variants have been successfully used

to predict time series with accuracy many orders of magnitude higher than

that of earlier methods (79).

Reservoir Computing gets its name from the untrained RNN portion of

an ESN, which is referred to as a dynamical reservoir, and the states that are

produced as a result, x(n), which are known as echoes of its input history.

Figure 2.2 shows the generic structure of an Echo state network. The

reservoir states of ESNs are often computed using

x(n) = f(W in u(n) + W x (n � 1)); n = 1; :::; T; (2.10)

where the non-linear function f () is a sigmoid, typically the tanh() function.

When the greatest singular value of Win is less than 1, it is discovered that
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Figure 2.2: Echo state network (2)

the linearized system is asymptotically stable. In actuality, one prefers to

consider the system's spectral radius since it provides a more accurate picture

of its dynamics. The linearized system's hidden state will begin to increase

exponentially if is bigger than one. Another popular choice for ESNs is leaky

integrator neuron models. The reservoir readout is typically linear, where

u(n) is expressed explicitly as being a part of x (n).

y(n) = f out (Wout [u(n)jx(n)]); (2.11)

f out () is the output neuron activation function (usually the identity) applied

component-wise. By linearizing equation 19 around the origin, it is simple

to describe the dynamics.

The spectral radius should be kept below or equal to one when initializing
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reservoir weights. The network states will depend on a somewhat long history

of the input if it is near to one since they will only decay to the �xed point

slowly. The states will only be dependent on a brief history of the input if

the spectral radius is much smaller than one. The states could theoretically

depend on the complete history of the input when it is more than one, which

is typically viewed as undesirable.

The ability of the network to be in
uenced by the recent history of the

input signals is known as the \Echo State Property" and is essential to the

success of RC. By adjusting the connection matrix's spectral radius, one can

adjust the system's memory depth, where often a trade-o� between precision

and memory depth must be made.

The scaling of input weights and the scaling of an optional bias term are

the other two signi�cant factors found as being crucial for ESNs. The input

scaling, or overall nonlinearity of the reservoir, will be determined by how far

the hidden states are pushed away from the linear portion of the activation

given function by the input. An increase in non-linearity often has a negative

impact on the system's memory depth because the quenching components of

the activation function will reduce the e�ective spectral radius (80).

Figure 2.3 shows the structure of an echo state network. The reservoir

layer, W, is surrounded by the input signal, u(n), which is multiplied by the

input weight matrix, W in (n). The output weight matrix, W out , is multiplied

by the output states of the reservoir, y(n). Once the error between the goal

output, y target(n) , and the actual output, y(n), has been minimised, training is

completed. The output weight matrix, Wout , is then updated in accordance

with this error. The reservoir layer's input is given an additional 1 and
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Figure 2.3: Structure of ESN (3)

utilized to bias the network (3). The system can then be simply trained

by adjusting the output weights, Wout , until the error between y(n) and the

target output is minimised to zero.

Due to its attractor dynamics, ESNs have demonstrated outstanding per-

formance in time-series prediction and temporal pattern detection with little

training. When the idea of an ESN was initially put forth, Jaeger's original

publication demonstrated this. These systems have two major advantages:

they are remarkably simple to train with o�-line supervised learning, and

because the reservoir dynamics are �xed and the only thing that changes

during training are the output weights, the inputs to the reservoir shape the

dynamics of the reservoir to produce a solution. However, they need some

serious thought.
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Three main qualities set an ESN di�erent from a conventional RNN:

ˆ The reservoir is driven by input signals, which result in an echo response

in a high-dimensional space, allowing the reservoir to perform the same

role as the kernel in kernel-based learning techniques.

ˆ The vanishing gradient and expanding gradient issues that are present

in conventional RNNs are avoided by the big reservoir with constant

weights.

ˆ The reservoir's output signal is a linear combination of linear read-

out layer weights, and can be determined using straightforward linear

regression procedures.

An ESN has strong computational capabilities for modelling temporal

information because training it is easy and quick and it won't get stuck in

local minima (79).

Liquid State Machine(LSM)

A liquid state machine (LSM) is a type of reservoir computer that uses a

spiking neural network (SNN) (81). Spiking Neural Network is a third gen-

eration arti�cial neuron that is most biologically inspired (40). Since spiking

neurons function in the temporal domain and base their computation on

time resources, they are favoured over earlier generations of arti�cial neu-

rons. SNNs are quickly overtaking other agents in brain-inspired neuromor-

phic computing, which emulates the brain using hardware (82). SNNs were

chosen because of their innate e�ectiveness and accuracy on a variety of cog-

nitive tasks, including speech recognition and image categorization, etc. A
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high number of units make up an LSM (called nodes, or neurons). Each

node receives time-varying input from both neighbouring nodes and external

sources (the inputs). Nodes are joined to one another at random. The time-

varying input is transformed into a spatio-temporal pattern of activations in

the network nodes by the connection's recurrent nature (5). By using linear

discriminant units, the spatio-temporal patterns of activation are read out.

The term liquid in the name refers to the metaphor of dropping a stone

into a motionless body of water or other liquid. There will be waves in

the liquid caused by the falling stone. A spatiotemporal pattern of liquid

displacement has been created from the input (the motion of the falling stone)

(ripples). LSMs have been proposed as a technique to describe how brains

function. There is a claim that LSMs outperform the theory of arti�cial

neural networks. (67)

Maass claims that the LSM model was created from a computational neu-

roscience perspective. The capacity of LSM to execute real-time calculations

by upscaling the temporally variable input stream into a higher dimensional

space is one of its fundamental principles (83). LSM is made up of three

essential parts, namely:

ˆ An input layer

ˆ A reservoir or liquid

ˆ A memoryless readout circuit.

Figure 2.4 is the architecture of an LSM. A function of time (time series)

u(·) is injected as input into the liquid �lter LM, creating at time t the

liquid state xM(t) , which is transformed by a memory-less readout map fM
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Figure 2.4: Architecture of LSM (4)

to generate an output y(t) (4).

The main distinction between the construction of an LSM and an ESN

is the requirement for additional encoding/decoding hardware in the in-

put/output layers to convert between a spike train and a real valued num-

ber (28). The same factors, such as the reservoir size and spectral radius,

that must be taken into account when employing an ESN also apply when

utilizing an LSM.

Being highly adaptive is one of the LSM's major advantages; in fact, the

Stone-Weierstrass theorem has demonstrated that the LSM is a universal

function approximator, provided that the reservoir network displays input

separability and fading memory. (84) The LSM computes information in a


exible manner by mapping input spike trains onto output spike trains rather



40 Background

than merely executing an algorithm. As a result, the output, which is con-

sidered to contain multi-dimensional inputs, is greatly reliant on the sort of

readout and training carried out. (85) In order to enable parallel processing,

numerous readout layers can be constructed, each of which extracts a distinct

piece of information from the input data as shown in �gure 2.5.

Figure 2.5: LSM supporting multitasking (5)

Delay Feedback Reservoirs

The class of dynamical systems known as delay systems, which includes non-

linear systems with delayed feedback and/or delayed coupling, has received a

lot of attention. Reservoir Computing implementations based on dynamical

systems with delay are known as delay-based reservoir computers. A delay

Line reservoir is a special type of RC that shares resources in time to reduce
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routing overhead (86). Di�erent network nodes, often referred to as virtual

nodes, are given di�erent time slots of the non linear node response by delay-

based reservoir computers. A dispersed group of virtual nodes throughout

the delayed feedback loop is comparable to the temporal multiplexing of a

single non-linear node's response. The usefulness of delay-based reservoir

computers depends on the fact that their hardware implementations are sub-

stantially simpli�ed (2).

There is therefore just one (hardware) node from the standpoint of the

network. Delay di�erential equations (DDE), which mathematically describe

delay systems, di�er signi�cantly from ordinary di�erential equations in that

a DDE's time-dependent solution is not solely controlled by the state of the

system at a particular instant (87). To accurately characterise the initial

conditions for a DDE, the continuous solution on an interval of one delay

time must be given. As a result, the high-dimensional phase space that

serves as the foundation for RC is provided by a low-dimensional system

with delayed feedback. Therefore, even for very high reservoir sizes, the

delay-based technique enables a much simpler system layout (86). When

compared to systems that require more hardware, delay-based RC has a

huge bene�t because of its low hardware requirements. Delay line RC at its

core is a concept that involves the exchange of space and time.

Figure 2.6 shows the general delayed feedback reservoir. In contrast to the

neural network, which feeds inputs in parallel to several nodes, the delayed

feedback system requires that all inputs be injected into a single non-linear

node. Pre-processing of the input makes up for the loss of parallelism. The

masking procedure will now be used to refer to this pre-processing. It ensures
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Figure 2.6: Delay line Reservoir Computer schematic (2)

Figure 2.7: Masking Procedure (6)

that the system always exists in the transient regime by time-multiplexing

the input and imprinting various scaling factors on the input. It can be

thought of as the result of a convolution between a masking function and the

intended system input.

Figure 2.7 shows masking procedure. A time-continuous input stream

u(t) or time-discrete input u(k) undergoes a sample-and-hold operation, re-

sulting in a stream I (t) that is constant during one delay interval � before

it is updated. The temporal input sequence, feeding the input stream to the
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virtual nodes, is then given by J (t) = M ·I (t). The modi�ed signal stays

in the delay line for a while after the input is injected into the node before

being re-injected into the non-linear node.

Di�erent states present in the system are considered as the neurons or nodes

of the system because the high-dimensionality of the system may be iden-

ti�ed along the delay line. We call them virtual nodes because they don't

re
ect actual physical nodes. They actually represent a nonlinearly changed

version of the input in the states they contain, but the transformation took

place earlier in the actual non-linear node. The performance of the system

is signi�cantly in
uenced by the temporal separation of the various virtual

nodes, which is actually the interval with which we read out states of the de-

lay line. An output layer reads out the transient dynamical response of the

node along the delay line and linearly adds them up in a weighted sum (2).

Time-Delay Reservoirs (TDR) provide two signi�cant advantages over ESNs

and LSMs in addition to a decrease in routing overhead. First, adding more

neurons to the reservoir is unnecessary and simply lengthens the feedback

loop's delay. Second, TDRs may readily be described using delay di�erential

equations and can employ any dynamical system to create their activation

function (88).

2.5. Signals and Speech Production

In signal processing, signals including music, pictures, and scienti�c mea-

surements are analysed, modi�ed, and synthesized. Techniques for signal

processing are used to enhance transmissions, increase the e�ectiveness of

digital storage, repair distorted signals, improve the subjective quality of
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video, and �nd or locate speci�c components of interest in a measured sig-

nal (89). Digital signal processing and analogue signal processing are sub-

�elds of signal processing.

2.5.1. Categories of Signal Processing

Analogue Signal Processing: Analogue signal processing is used for trans-

missions that haven't been digitized, like the majority of radio, telephone,

and television systems from the 20th century. Both linear and non-linear

electrical circuits are involved in this. Examples of the former include delay

lines, additive mixers, passive and active �lters, and integrators. Compan-

ders, multipliers (frequency mixers, voltage-controlled ampli�ers), voltage-

controlled �lters, voltage-controlled oscillators, and phase-locked loops all

fall under the category of non-linear circuits.

Continuous Time Signal Processing: Signals that 
uctuate with the

change of the continuous domain are processed in continuous time (without

considering some individual interrupted points). Time domain, frequency do-

main, and complex frequency domain are all types of signal processing tech-

niques. This technique focuses on modelling linear time-invariant continuous

systems, calculating the zero-state response integral, con�guring systems,

and continuously �ltering deterministic signals.

Digital Signal Processing: The processing of discrete-time sampled

signals by digital means. General-purpose computers or digital circuits like

ASICs, FPGAs, or specialised digital signal processors are used for process-

ing (DSP chips). Fixed-point and 
oating-point, real-valued and complex-

valued, multiplication and addition are common arithmetic operations (90).
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Discrete Time Signal Processing: Discrete-time signal processing ap-

plies to sampled signals that are only speci�ed at discrete points in time. As

a result, they are quantized in time but not in magnitude. Electronic com-

ponents like sample-and-hold circuits, analogue time-division multiplexers,

analogue delay lines, and analogue feedback shift registers are the founda-

tion of the technology known as analogue discrete-time signal processing.

The advanced processing of gigahertz transmissions still uses this technol-

ogy, which was a forerunner to digital signal processing. A theoretical �eld

that creates a mathematical foundation for digital signal processing with-

out taking quantization error into account is known as discrete-time signal

processing.

2.5.2. Human Speech Production System

The larynx, which is found in the throat, is primarily responsible for creating

the human voice. The vocal cords, which are two muscles stretched across

the larynx, function as rubber bands. When someone talks, air rushes out

of the lungs and causes the vocal cords to vibrate and thus creating the

voice (91). Figure 2.8 demonstrates human speech production system. The

degree to which the vocal cord muscles constrict as air from the lungs strikes

them determines the pitch of the sound that is produced (92).

Loudness

The perception of loudness is a measure of how powerful a sound wave is

in a speci�c location. It is a dimensionless quantity that is always used

in a relative sense. The amplitude of the vibration determines how loud
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