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Abstract:

The restoration of degraded speech signals has historically relied on either purely generative
modeling or deterministic signal processing techniques. While modern neural vocoders achieve
exceptional synthesis quality under pristine conditions, they exhibit severe performance
degradation when exposed to corrupted, band-limited, or artifact-heavy acoustic inputs. This
paper introduces a comprehensive framework for neural vocoder restoration grounded in range-
null space decomposition. By formulating the acoustic degradation process as an ill-posed linear
inverse problem, we partition the optimization space into two strictly orthogonal components. The
range space component guarantees absolute data consistency with the observed degraded signal,
preserving the structural integrity and low-frequency semantic content of the original audio.
Simultaneously, the null space component acts as a strictly bounded generative pipeline, utilizing
deep neural networks to synthesize lost high-frequency details, reconstruct missing harmonics, and
eliminate non-linear distortion artifacts without altering the known temporal structure. We
extensively evaluate this dual-pathway architecture across a multitude of complex acoustic
degradation scenarios, including extreme band-limiting, aggressive clipping, and heavy
reverberation. Experimental results indicate that our proposed methodology significantly
outperforms traditional end-to-end generative models in both objective metrics and subjective
listening tests. Furthermore, we demonstrate that explicit range-null space orthogonalization
stabilizes the training of adversarial vocoder architectures, converging faster and mitigating the
phenomenon of hallucinated acoustic artifacts commonly observed in unconstrained generative
models.
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INTRODUCTION

1.1 Background on Neural Vocoders

The transition from parametric acoustic modeling to deep learning based speech synthesis has
fundamentally transformed the landscape of modern audio processing. Neural vocoders represent
the final and most critical stage in contemporary text to speech and voice conversion pipelines,
responsible for inverting intermediate acoustic representations, such as mel spectrograms, back
into high fidelity time domain waveforms. Early iterations of these systems relied heavily on
autoregressive probabilistic models, which, while capable of producing incredibly realistic human
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speech, suffered from prohibitive computational costs due to their sequential generation
mechanisms. As the field matured, researchers developed highly parallelizable non autoregressive
architectures leveraging generative adversarial networks, normalizing flows, and diffusion
probabilistic models. These advancements enabled real time and even faster than real time
synthesis on consumer grade hardware. However, the foundational assumption underlying the vast
majority of these neural architectures is the expectation of pristine, high quality input conditioning.
When these networks are deployed in real world acoustic environments, where signals are
invariably corrupted by background noise, room reverberation, microphone distortions, and
transmission loss, their synthesis capabilities degrade precipitously. The network attempts to
interpret the acoustic artifacts as legitimate speech features, resulting in synthesized waveforms
that amplify the original degradation or introduce entirely novel, jarring distortions such as phase
smearing, metallic ringing, and severe robotic artifacts. The challenge of rendering neural vocoders
robust to such imperfections forms the primary motivation for the research presented in this
manuscript.

1.2 The Problem of Speech Restoration

Speech restoration encompasses a broad category of digital signal processing tasks aimed at
recovering a clean, high resolution acoustic waveform from a corrupted observation. Traditional
approaches to this problem, including spectral subtraction, Wiener filtering, and early deep
learning based masking techniques, primarily operate by estimating the noise profile and
subtracting it from the degraded signal. While effective for simple additive white Gaussian noise,
these methods systematically fail when confronted with complex, non linear distortions such as
acoustic clipping, packet loss concealment, or extreme bandwidth limitations. In such scenarios,
the original acoustic information is not merely obscured but mathematically destroyed. End to end
deep generative models have recently been proposed as a solution to this information loss, utilizing
the robust prior knowledge embedded within large scale neural networks to hallucinate the missing
speech components. Unfortunately, unconstrained generative models pose significant reliability
risks. Because they are typically trained to minimize broad statistical divergences rather than exact
structural alignments, they frequently alter the underlying phonetic content, shift temporal
alignments, or hallucinate acoustic events that were never present in the original performance. This
lack of deterministic structural constraint renders pure generative approaches unsuitable for critical
applications such as forensic audio analysis, historical archive restoration, and high fidelity
telecommunications, where absolute fidelity to the original speaker's intent and environmental
acoustics is paramount. It is established in recent literature [1] that hybrid approaches attempting
to balance generation with deterministic filtering often suffer from unpredictable phase distortions,
highlighting the need for a mathematically rigorous bounding mechanism.

1.3 Proposed Range-Null Space Framework

To address the inherent limitations of both deterministic filtering and unconstrained generative
hallucination, this paper proposes a novel architectural paradigm for neural vocoder restoration
based on range-null space decomposition. We mathematically model the environmental and
hardware induced degradation as a forward measurement operator applied to a high dimensional
clean acoustic signal. Under linear algebra principles, any valid solution to this inverse problem
can be perfectly decomposed into two mutually exclusive, orthogonal vectors. The first vector lies
within the range space of the measurement operator's pseudo inverse, representing the absolute
maximum amount of information that can be deterministically recovered from the corrupted
observation. The second vector lies within the null space of the operator, representing the infinite
set of plausible high frequency details and lost transients that map to zero under the degradation
function. By explicitly hardwiring this mathematical decomposition into the neural network's
architecture, we force the deep learning model to act exclusively as a null space projector. The
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network is strictly forbidden from altering the structurally sound range space components, ensuring
perfect data consistency with the observed input. It is only permitted to synthesize the missing
information required to elevate the audio to high fidelity status. We hypothesize that this strictly
bounded approach will not only eliminate the hallucination of erroneous acoustic events but also
significantly reduce the computational burden on the generative model, as it no longer needs to
reconstruct the entire waveform from scratch. Initial investigations in parallel fields [2] suggest
that such orthogonal projections stabilize gradient flow during training, an advantage we intend to
fully exploit in the audio domain.

2. Literature Review and Background

2.1 Evolution of Audio Synthesis Models

The historical progression of acoustic waveform synthesis is characterized by a continuous pursuit
of higher perceptual quality and reduced computational complexity. Prior to the deep learning
revolution, concatenative synthesis and statistical parametric methods dominated the industry.
Concatenative systems, while capable of preserving natural speech nuances, were notoriously
inflexible and required massive, meticulously labeled acoustic databases. Parametric models
utilizing hidden Markov models and traditional source filter theory offered greater flexibility but
characteristically produced muffled, unnatural speech due to the restrictive assumptions of the
underlying vocal tract models. The paradigm shifted irrevocably with the introduction of deep
autoregressive neural networks [3]. These models treated audio synthesis as a sequence generation
problem, predicting the probability distribution of each individual audio sample conditioned on all
previously generated samples. This methodology achieved unprecedented realism, effectively
rendering traditional parametric vocoders obsolete. However, the sequential nature of
autoregressive generation proved incompatible with the parallel processing capabilities of modern
graphical processing units, leading to significant latency issues. Subsequent research efforts [4]
focused on breaking this sequential dependency, culminating in the development of inverse
autoregressive flows and parallel wave generation networks. These non autoregressive models
successfully bridged the gap between synthesis quality and inference speed, but they remained
highly sensitive to the spectral characteristics of the conditioning data, a vulnerability that becomes
glaringly apparent in speech restoration contexts.

2.2 Deep Generative Approaches in Audio Processing

As the limitations of early neural vocoders in noisy environments became evident, the research
community increasingly turned toward advanced generative frameworks to tackle speech
enhancement and restoration as unified tasks. Generative adversarial networks emerged as a highly
popular solution due to their ability to produce crisp, high resolution outputs without relying on
simplistic mean squared error losses, which are known to cause over smoothing in the spectral
domain [5]. In a typical adversarial audio restoration setup, a generator network attempts to
synthesize a clean waveform from a degraded input, while a discriminator network attempts to
distinguish the synthesized output from genuine clean recordings. While successful in reducing
perceived background noise, these adversarial models frequently introduce severe phase mismatch
and high frequency artifacts, often described by listeners as a metallic or bubbling sound [6]. More
recently, diffusion probabilistic models have demonstrated state of the art performance in
unconditional audio generation and conditional synthesis [7]. Diffusion models operate by
gradually adding Gaussian noise to an audio signal until it becomes pure noise, and then training
aneural network to reverse this process. By conditioning the reverse diffusion process on degraded
audio features, researchers have achieved remarkable success in tasks such as audio super
resolution and dereverberation [8]. Nevertheless, the iterative nature of diffusion models inherently
conflicts with the demand for real time processing, and their unconstrained generative pathways
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still present the risk of semantic alteration, particularly in regions where the original signal is
heavily masked or entirely missing [9].

2.3 Linear Algebra Perspectives in Neural Networks

The concept of integrating rigid mathematical priors into deep neural networks is an expanding
area of research, primarily driven by the field of computational imaging. In disciplines such as
magnetic resonance imaging and computed tomography, reconstructing a high resolution image
from sparse, noisy sensor data is fundamentally framed as an ill posed linear inverse problem [10].
Researchers in these domains quickly recognized that unconstrained deep neural networks could
hallucinate anatomically incorrect features, a catastrophic failure mode in medical diagnostics. To
combat this, they introduced deep unrolling techniques and data consistency layers that explicitly
enforce adherence to the physical measurement process [11]. The range-null space decomposition,
conceptually rooted in the fundamental theorem of linear algebra, represents the most rigorous
application of this philosophy. By mathematically projecting the neural network's output onto the
null space of the degradation operator, the system ensures that the generative hallucination cannot
possibly interfere with the known, measured data points [12]. While this technique has achieved
significant success in image processing, its application to high dimensional, continuous time series
data such as audio remains largely unexplored. Acoustic signals possess unique characteristics,
specifically rigid phase dependencies, logarithmic frequency perception, and highly transient
energy bursts, which complicate the direct translation of image based null space methods [13].
Recent preliminary studies [ 14] have attempted to adapt orthogonal projections for simplistic audio
declipping, but a generalized framework capable of handling a multitude of complex acoustic
degradation operators within a state of the art neural vocoder architecture has yet to be realized.
This manuscript addresses this critical gap in the literature.

3. Methodology and Analysis

3.1 Range-Null Space Decomposition Framework

To rigorously define the restoration process, we must first establish the mathematical model of
acoustic degradation. We represent the true, uncorrupted high fidelity audio waveform as a high
dimensional vector. In real world scenarios, this optimal vector is subjected to a degradation
process, which we model as a forward measurement operator. This operator can represent a wide
array of linear distortions, including low pass filtering for bandwidth reduction, convolution with
a room impulse response for reverberation, or random binary masking for packet loss over a
telecommunications network. The resulting degraded observation is a low dimensional or
corrupted representation of the original signal. Because the forward measurement operator is non
invertible and possesses a non trivial null space, attempting to directly reverse the degradation is
an ill posed problem with infinite possible solutions. The core principle of our methodology is to
systematically isolate the known information from the unknown. Using the pseudo inverse of the
degradation operator, we can map the corrupted observation back into the original high
dimensional space. This resulting vector is the range space projection, representing the absolute
limit of deterministic recovery. It contains all the surviving low frequency structures and
uncorrupted temporal envelopes but entirely lacks the high frequency harmonics and transient
sharpness lost during degradation. The difference between the true, uncorrupted signal and this
range space projection is defined as the null space component. Crucially, the forward measurement
operator maps this null space component perfectly to zero, meaning it is mathematically invisible
to the degradation process. Therefore, our objective shifts from predicting the entire clean
waveform to predicting only this missing null space vector.

3.2 Network Architecture and Information Flow

Our proposed architecture integrates the aforementioned mathematical decomposition directly into
the computational graph of a generative adversarial vocoder. The system requires two explicit

]
28 |

—



INTERNATIONAL JOURNAL OF MACHINE LEARNING AND ENGINEERING

inputs during the training and inference phases: the degraded audio waveform and a
mathematically derived representation of the degradation operator itself. The workflow is divided
into two distinct, parallel pathways. The first pathway is entirely deterministic and requires no
learned parameters. It takes the degraded input and applies the pre computed pseudo inverse of the
degradation operator, outputting the robust but muffled range space projection. The second
pathway is the deep generative model, functioning as a highly specialized null space synthesizer.
This neural network is built upon a foundation of stacked, non causal dilated convolutions,
allowing it to maintain an exceptionally large receptive field capable of capturing long term
temporal dependencies within the speech signal. The network receives the degraded audio, the
range space projection, and supplementary acoustic features such as log mel spectrograms to guide
its generative process. The network processes this multi modal input through a series of multi head
attention blocks and feature extraction layers, culminating in a raw waveform prediction. However,
rather than utilizing this prediction directly, we enforce a strict mathematical constraint. We apply
a projection operator to the network's output, forcefully stripping away any energy that exists in
the range space, effectively projecting the neural hallucination entirely into the null space. Finally,
this dynamically synthesized null space vector is added to the deterministic range space vector.
Because these two vectors are mathematically guaranteed to be completely orthogonal, they sum
together seamlessly without introducing destructive phase cancellation or constructive artifact
amplification.

Figure 1: Proposed Range-Null Space Neural Vocoder Architecture

RANGE SPACE PROJECTION

Linear Range Space Feature o)
(W) Extraction

*--oos Conditiooing

Range Space Embeddings
(blue vectors)

Degrated Audio
Input

Null Space
Projection

(1-wwr)

NEURAL SYNTHESIS
BLOCK

Decoder Network
Wavorm Generation Module

Rate Satent
Representation
(orange vectors)

Null
Projection
-wwr)

HIGH-FIDELITY
| >|OUTPUT WAVEFORM|

NULL SPACE GENERATIVE

Figure 1: Proposed Range

3.3 Training Strategy and Loss Formulation

Training a constrained dual pathway architecture presents unique optimization challenges
compared to standard end to end models. Because the range space is fixed and deterministic, the
gradient updates apply exclusively to the parameters of the null space generative network. To
ensure the generated null space seamlessly integrates with the range space both spectrally and
perceptually, we employ a composite loss function comprising multiple complementary objectives.
The first component is a multi resolution spectral distance loss. By computing the magnitude
differences between the predicted and ground truth waveforms across various fast Fourier
transform sizes, we ensure that the generated high frequency harmonics align accurately with the
deterministic low frequency foundation. The second component addresses phase coherence, a
critical factor often neglected in purely magnitude based loss formulations. We utilize a specialized
waveform domain loss that penalizes temporal envelope mismatches and structural inconsistencies
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[15]. To elevate the perceptual quality of the synthesized null space and avoid the smoothing
effects associated with absolute distance metrics, we integrate a highly sophisticated generative
adversarial framework. We employ a suite of multiple discriminators operating across different
temporal scales and frequency sub bands. The adversarial loss specifically scrutinizes the boundary
regions where the deterministic range space transitions into the synthesized null space, penalizing
the generator if the transition sounds artificial or discontinuous [16]. Furthermore, to stabilize the
early stages of training where the null space prediction is essentially random noise, we introduce
an adaptive weighting curriculum. The adversarial loss is heavily discounted during the initial
epochs, allowing the spectral distance metrics to guide the generator toward a broadly accurate
structural representation. As training progresses and the structural error plateaus, the adversarial
weight is exponentially increased, forcing the network to refine the microscopic acoustic textures
and high frequency transients that characterize true studio quality speech [17].

4. Results and Discussion

4.1 Experimental Setup and Datasets

To rigorously validate the efficacy of the proposed range-null space vocoder restoration
framework, we constructed a comprehensive experimental pipeline leveraging industry standard
acoustic corpora. The primary dataset utilized for both training and evaluation was the vast multi
speaker English speech database, encompassing hundreds of unique voices recorded under optimal
studio conditions. We allocated approximately forty hours of high fidelity audio for the training
phase, two hours for hyperparameter validation, and an isolated set of three hours for final testing,
ensuring absolute speaker exclusivity between the sets to evaluate zero shot generalization. To
simulate diverse real world degradation scenarios, we programmatically applied three distinct,
mathematically rigorous forward measurement operators to the high fidelity test set. The first
operator simulated severe bandwidth restriction, utilizing a steep low pass filter to eliminate all
acoustic energy above a defined frequency threshold, mimicking the effect of legacy telephone
networks. The second operator simulated extreme digital clipping, aggressively truncating the
waveform amplitude to simulate poorly calibrated microphone preamplifiers. The third operator
involved complex temporal smearing through convolution with a variety of synthetic and recorded
room impulse responses, effectively masking the speech transients in dense reverberation. We
benchmarked our proposed architecture against three established baselines: a classical
deterministic signal processing filter, a standard unconstrained generative adversarial vocoder, and
a highly parameterized diffusion probabilistic model designed for conditional audio generation.
All neural architectures were trained on identical hardware configurations utilizing identical batch
sizes and optimization schedules to ensure absolute fairness in the comparative analysis [18].

4.2 Objective and Subjective Evaluation Metrics

The evaluation of speech restoration systems requires a delicate balance between algorithmic
objective metrics and human subjective perception. To quantify the structural integrity and
intelligibility of the restored waveforms, we employed two primary objective metrics. The first is
a standardized perceptual evaluation of speech quality algorithm, which compares the degraded or
restored signal against the pristine reference and outputs a score heavily correlated with overall
listening quality. The second objective metric focuses exclusively on the preservation of
intelligibility, utilizing a short time objective intelligibility measurement that analyzes the
correlation of temporal envelopes across critical frequency bands. While objective metrics provide
excellent baseline comparisons, they often fail to capture subtle generative artifacts such as phase
smearing or metallic ringing. Therefore, we conducted extensive subjective evaluation through
randomized, blind listening tests. A panel of native language speakers was recruited to rate the
audio samples on a continuous mean opinion score scale. The evaluators were specifically
instructed to grade the samples across three distinct axes: overall acoustic quality, phonetic
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intelligibility, and the perceived absence of artificial digital artifacts. The inclusion of the artifact
reduction metric is particularly crucial for this study, as our primary hypothesis asserts that the
strict mathematical bounding of the range-null space decomposition inherently prevents the

hallucination of non speech sounds.
Table 1: Objective Evaluation Metrics Across Different Degradation Scenarios

Model Clean PESQ Noisy PESQ Bandwidth STOI |Clipping STOI
Baseline 3.12 2.45 0.81 0.79

Range Only 3.56 2.88 0.86 0.83

Full Model 4.10 3.42 0.94 0.91

Table 2: Subjective Mean Opinion Score Results

Configuration Audio Quality Intelligibility Artifact Reduction
Ground Truth 4.85 4.90 4.88

Generative Adversarial [3.80 3.95 3.75

Diffusion Standard 4.15 4.20 4.10

Proposed Range-Null 4.60 4.72 4.65

4.3 Performance Analysis and Ablation Studies

The quantitative data presented in the experimental tables decisively confirms the superiority of
the range-null space decomposition approach in almost all tested acoustic scenarios. When
examining the objective metrics, the full proposed model demonstrates a profound improvement
over the standard baselines, particularly in extreme degradation cases such as severe digital
clipping. The unconstrained generative adversarial baseline frequently struggled with clipping,
attempting to rebuild the lost amplitude peaks but often misaligning the phase, which resulted in a
harsh, abrasive sound quality. Conversely, our proposed architecture, by locking the surviving low
amplitude structure within the deterministic range space, allowed the neural network to focus
entirely on smoothly interpolating the missing peaks within the null space, resulting in
exceptionally natural transient reconstruction. The subjective mean opinion scores further
illuminate the practical benefits of our methodology. The evaluators consistently rated the
proposed model significantly higher in the artifact reduction category. During interviews following
the listening tests, participants noted that while the standard diffusion model occasionally produced
audio that sounded slightly crisper, it frequently hallucinated phantom syllables or metallic echoes
in regions of heavy background noise. The proposed model, bounded by strict data consistency,
completely eradicated these phantom hallucinations. To thoroughly understand the contribution of
the null space generative network, we conducted an ablation study utilizing only the deterministic
range space projection. As expected, while the range only audio was perfectly free of generative
artifacts and maintained excellent intelligibility, it sounded remarkably muffled and lifeless,
scoring poorly on the overall audio quality axis. The addition of the constrained null space network
seamlessly injected the missing high frequency brilliance and spatial depth without compromising
the structural integrity established by the range projection. These findings heavily corroborate
recent theories suggesting that decoupling deterministic recovery from generative enhancement is
the most reliable pathway to robust audio restoration [19].

5. Conclusion

5.1 Summary of Contributions

This manuscript has presented a highly structured, mathematically rigorous framework for the
restoration of severely degraded acoustic signals utilizing state of the art neural vocoder
technology. By fundamentally reframing audio enhancement as a linear inverse problem bounded
by range-null space decomposition, we have successfully bridged the gap between the absolute
reliability of deterministic signal processing and the unparalleled synthesis quality of deep
generative modeling. Our dual pathway architecture guarantees strict adherence to the observed
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acoustic data by locking the known signal components within an immutable range space
projection. Simultaneously, it unleashes the power of adversarial neural networks exclusively
within the mathematically isolated null space, allowing for the precise hallucination of missing
high frequency harmonics, transient peaks, and spatial characteristics without the risk of semantic
alteration. Through exhaustive empirical testing across diverse and highly complex degradation
scenarios, we have demonstrated that this orthogonal approach significantly outperforms
traditional unconstrained generative models in both algorithmic objective metrics and critical
human subjective evaluations. The proposed framework essentially eradicates the unpredictable
phase distortions and phantom acoustic hallucinations that have long plagued end to end deep
learning based audio restoration systems, providing a robust, production ready solution for critical
high fidelity acoustic applications.
5.2 Future Research Directions
While the current iteration of the range-null space vocoder exhibits exceptional performance under
defined, linear degradation conditions, several avenues for advanced research remain open. The
primary limitation of the existing framework is the absolute requirement for an explicitly defined
mathematical forward measurement operator. In entirely blind restoration scenarios where the
exact nature of the acoustic degradation is completely unknown or highly non linear, computing
an accurate pseudo inverse becomes significantly challenging. Future investigations will focus on
integrating dynamic, self supervised operator estimation networks capable of analyzing a degraded
waveform and spontaneously generating a highly accurate approximation of the degradation
matrix in real time. Additionally, we intend to explore the implementation of this architectural
paradigm within ultra low latency streaming environments. Currently, the extensive receptive
fields required for optimal null space synthesis introduce a slight computational delay that, while
negligible for archival restoration, is suboptimal for live telecommunications. By optimizing the
neural network topology and leveraging advanced structured sparsity techniques, we aim to
transition the range-null space decomposition framework into a fully real time, zero latency
acoustic processing engine, thereby revolutionizing the standards of live digital audio
transmission.
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