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Abstract

Continuous neural fields have advanced spatial-temporal signal parameterization, yet their efficacy is fundamentally limited
by spectral bias and slow-convergence dynamics. These limitations severely restrict their capacity to resolve high-frequency
stochastic textures and dense, highly oscillatory spatial fields. To address these limitations, we propose the Spectral-Domain
Anchor Learning (SDAL) framework, which transitions from localized spatial gradient descent to explicit spectral-domain
parameterization. SDAL constructs a frequency-domain “Spider-Web Topology” that functions as a geometrically-aware,
multi-ring adaptive filter bank, enabling improved scale robustness and significantly reduced aliasing artifacts. Crucially, we
introduce an Alternating Optimization Strategy equipped with a closed-form analytical solver to decouple the highly non-
convex spatial learning problem. This architectural innovation yields a zero-iteration cold-start capability: by resolving the
projection weights W via a closed-form analytical solver at network initialization, SDAL achieves high reconstruction fidelity
prior to any gradient update. Comprehensive evaluations across highly oscillatory continuous spatial fields, extreme cross-
domain sensing modalities (e.g., subsurface radar topologies), and severely degraded visual signals support our theoretical
assertions. SDAL consistently achieves effective spectral disentanglement, enabling the sharp recovery of faint structural
signatures in noisy empirical environments. Furthermore, SDAL achieves equivalent reconstruction fidelity with zero gradient
iterations, at the cost of a one-time (K ?) Cholesky factorization. This approach trades iterative gradient search for a single
analytical matrix inversion, which scales favorably for small-to-moderate anchor counts compared to conventional coordinate
networks. Ultimately, this work advances implicit representations into robust, geometrically regularized solvers, providing a
scalable foundation for large-scale computer vision and continuous spatial learning.

Keywords Implicit neural representations - Spectral bias - Scale-robust representation - Alternating optimization - Continuous
visual representation - Feature disentanglement
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large-scale satellite altimetry reconstruction (Li et al., 2026),
open-vocabulary 3D mapping (Tie et al., 2024), and con-
tinuous image super-resolution (Liu et al., 2025), to the
formulation of spatial-temporal overlapping domain decom-
positions (Ye et al., 2025) and the reconstruction of severely
degraded visual signals (Zhang et al., 2025). However, the
optimization of these coordinate-based networks is funda-
mentally bottlenecked by the well-documented Spectral Bias
(Cai et al., 2024). Standard Multilayer Perceptrons (MLPs)
inherently prioritize learning low-frequency geometric struc-
tures while suffering significant failures when attempting to
resolve high-frequency stochastic textures or dense physical
oscillatory fields.

To circumvent this limitation, recent literature has wit-
nessed a proliferation of feature augmentation strategies.
While hybrid architectures utilizing discrete spatial grids
(Kim & Fridovich-Keil, 2026) or tensorial feature inte-
grations (Kim et al., 2024) offer accelerated fitting for
dense signals, they inherently sacrifice the continuous,
resolution-agnostic properties of neural fields. Alternatively,
approaches leveraging periodic activation functions (e.g.,
SIREN), Fourier reparameterized training (Shi et al., 2024),
and Fourier-based activations (Aghaee & Khan, 2024) have
been proposed to inject high-frequency priors into the latent
space. Yet, these gradient-driven methods introduce a sec-
ondary bottleneck: they exhibit limiting slow-convergence
trajectories and are highly susceptible to intractable high-
frequency speckle oscillations, heavily restricting their utility
in time-critical or out-of-distribution (OOD) scenarios.

This dual challenge of spectral bias and optimization inef-
ficiency becomes particularly critical when parameterizing
complex visual topologies and high-frequency wave equa-
tions (Chai et al., 2024). Indeed, recent advances advocate
for embedding explicit geometric or physically-aware con-
straints directly into implicit representations to accurately
infer complex continuous fields and surfaces (Mello Rella
et al., 2025). Physical phenomena, such as complex multi-
source interference or modal wave fields in 3D acoustics
(Schoder, 2025), demand rigorous spectral fidelity. Although
advanced PINNs have been stabilized for elastic (Staub,
2024) and unconditional time-stepping wave equations (Jiao
et al.,, 2024; Qi & Sarris, 2024), they still fundamentally
rely on localized stochastic gradient descent. Consequently,
the network must blindly search for the optimal spectral
manifold, resulting in massive computational overhead and
vulnerability to real-world signal degradations (e.g., extreme
sparsity and high-intensity noise).

To address these prevailing bottlenecks, we propose the
SDAL framework. Departing from conventional spatial-
domain gradient searching, SDAL explicitly constructs a
Spider-Web Topology in the frequency domain, acting as a
physically-aware, multi-ring adaptive filter bank. Further-
more, we introduce an Alternating Optimization Strategy
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that decouples the highly non-convex spatial learning prob-
lem. By resolving the continuous projection weights via a
closed-form analytical solver, our method exhibits a sig-
nificant zero-iteration cold-start capability. It bypasses the
lengthy iterative amplitude-fitting process, instantaneously
mapping the physical space to an optimal spectral manifold
at network initialization.

SDAL is designed as a per-signal implicit representation
framework—it fits a single continuous field from its observed
samples without requiring a pre-trained model or scene-
specific neural architecture. This positions SDAL in the same
problem space as SIREN, FFN, and FINER, rather than
scene-level representations (NeRF, Instant-NGP) that require
multi-view inputs and volumetric rendering. Within this
per-signal setting, SDAL’s primary advantages are: (1) zero-
iteration initialization enabling real-time continuous field
fitting for time-critical applications such as medical imag-
ing, physical simulation monitoring, and streaming sensor
data compression; (2) memory-efficient O(K 2) scalability
enabling deployment at arbitrary spatial resolution; and (3)
interpretable spectral parameterization where each anchor
corresponds to a learned spatial frequency, enabling explicit
spectral analysis of the reconstructed field. While down-
stream applications such as super-resolution and novel-view
synthesis remain directions for future work, the per-signal
fitting paradigm established by SDAL provides the foun-
dational continuous representation layer upon which such
applications can be built.

In summary, the main contributions of this work are three-
fold:

e We propose SDAL, a novel spectral parameterization
framework that categorically overcomes the spectral bias
and enables improved scale robustness across diverse
topological domains.

e We introduce a closed-form Alternating Optimization
Strategy that fundamentally redefines the convergence
dynamics of neural fields. It achieves equivalent recon-
struction fidelity with zero gradient iterations, at the cost
of a one-time O(K %) Cholesky factorization. This repre-
sents a fundamental transition: trading iterative gradient
search for a single analytical matrix inversion, which
scales favorably for small-to-moderate anchor counts
compared to baseline coordinate networks.

e We demonstrate the unparalleled robustness of our
methodology in resolving complex continuous physics
wave fields, showcasing structural immunity to extreme
sparse sampling, significant occlusion, and intense noise
interference.

e We demonstrate the extreme cross-domain generalization
of SDAL on real-world severely degraded topologies,
specifically for ground penetrating radar (GPR) subsur-
face perception. In this context, our framework effec-
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(a) Spider-Web Topology and Logarithmic Spectral Partition
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Fig. 1 Comprehensive overview of the SDAL framework. The archi-
tecture is decomposed into three synergic modules: a Spider-web
topology for implicit encoding: Input spatial coordinates are projected
onto a geometrically regularized spectral manifold. Governed by a

logarithmic spacing protocol 7y = fmin(fmax/ fmin)g%ll from the fun-
damental frequency fmin (inner core) to the Nyquist limit fiax (outer
boundary), the multi-ring constraint strictly bounds the high-frequency
support across defined radial bands. This serves as a physically-aware
filter bank, capturing highly oscillatory structures without spectral
leakage. b Spectral Feature mapping with learnable anchors: Spatial
coordinates X are projected onto a set of dynamically optimized spec-

tively disentangles high-frequency hyperbolic signatures
from intense geological clutter—a task previously con-
sidered intractable for standard implicit representations
without extensive fine-tuning.

2 Related Work

2.1 Implicit Neural Representations and Spectral
Tuning

Implicit Neural Representations (INRs) have emerged as the
standard for continuous visual and spatial signal parame-
terization. However, mitigating their inherent low-frequency
bias has remained an active area of research, particularly for
reconstructing complex visual topologies. Recent advances
have sought to tune the spectral bandwidth through adap-
tive wavelet-positional encoding (Zhao et al., 2025), flexible
variable-periodic activation functions (FINER) (Liu et al.,
2024), wavelet-based representations (WIRE) (Saragadam

(b) Spectral Feature Mapping with Learnable Anchors
n geometrically initialized by
spider-web topology

- ~

learnable spectral

> —

anchors A \ % \\\ structured feature
l '] matrix
learnable ,‘c j‘
X —>| spectral |— ®(X;A)— i
spatial embtj;ldmg sinusoidal w ""
coordinates spectral mapping \ ]
: B v = =, /
geomf':tncally initialized )e%% s )( update // siiiiltiseals
by spider-web topology ¢ =
refined during learning { anchor responses

(c) Alternating Optimization and Zero-Iteration Cold-Start

alternating optimization

.
4 = == baseline

’
High Fidelity

SDAL 3 }

. spider-we closed-form anchor |
“g?“t spectral ridge regression refinement
cordinates features for W forA | Cold-Start

spider-web Closed-Form gradient strong cold-start

spectral features Ridge Regression  refinement of reconstruction
Solver A

L
Fast Convergence

Zero-Iteration

tral anchors A via a continuous sinusoidal feature mapping @ (X; A).
This generates a structured feature matrix composed of multi-scale
anchor responses, effectively translating the physical space into an opti-
mal spectral manifold. ¢ Alternating Optimization Flow and Analytical
Cold-Start: Contrast of optimization dynamics. While standard SIREN
(dashed line) relies on blind localized gradients (Adam) over thousands
of epochs, SDAL (solid line) decouples the optimization via our alter-
nating strategy. By resolving the continuous projection weights W via
a regularized closed-form solver, the network instantaneously brings
fidelity above 30 dB at the initialized step (zero-iteration cold-start),
addressing the slow-convergence bottleneck of coordinate networks

et al., 2023), and batch normalization schemes (Cai et al.,
2024). Furthermore, achieving invariance across varying
scales and signal disorders has motivated the development
of disorder-invariant (Zhu et al., 2024) and scale-invariant
implicit formulations for downstream tasks like object count-
ing (Xu et al., 2025). Techniques such as frequency shifting
(Kania et al., 2025) have also been explored to accelerate
representation learning. While these methods incrementally
improve frequency coverage, they still remain bound to the
limitations of gradient descent optimization. In contrast, our
SDAL framework explicitly disentangles the spectral map-
ping from the weight optimization via a closed-form solver,
achieving instantaneous high-frequency alignment—a criti-
cal requirement for reconstructing severely degraded visual
signals and continuous fields without the risk of unstable
optimization oscillations.

While SDAL shares the sinusoidal feature mapping struc-
ture of Random Fourier Features (RFF) (Rahimi & Recht,
2007) and the closed-form ridge regression weight update of
Kernel Ridge Regression (KRR), it differs in three fundamen-
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tal respects. First, RFF employs a static, randomly-sampled
frequency matrix that cannot adapt to the target signal’s spec-
tral content; SDAL’s spectral anchors A are dynamically
optimized via gradient descent to align with the signal’s dom-
inant eigen-frequencies, enabling adaptive spectral learning.
Second, KRR treats the kernel as fixed and optimizes only
the output weights; SDAL alternates between optimizing
the non-linear spectral basis A and the linear projection
W, enabling joint spectral adaptation through a rigorous
alternating minimization framework. Third, the Spider-Web
Topology imposes a geometrically-aware, logarithmically-
spaced multi-ring constraint on A that guarantees uniform
coverage of the effective bandwidth B,r—a structural prop-
erty absent in both RFF and KRR that is essential for the
scale-invariance guarantees proven in Sect.3.4. These dis-
tinctions position SDAL as a continuously optimized spectral
dictionary with provable frequency-domain coverage prop-
erties, rather than a fixed-kernel regression method.

2.2 Distinction from Classical Spectral Methods

While SDAL shares the sinusoidal feature mapping structure
of Random Fourier Features (RFF) and employs closed-
form weight updates reminiscent of Kernel Ridge Regression
(KRR), it introduces three fundamental innovations that dis-
tinguish it from these classical approaches.

First, RFF employs a static, randomly-sampled frequency
matrix that remains frozen throughout training and cannot
adapt to the target signal’s spectral content. In contrast,
SDAL’s spectral anchors are dynamically optimized via
gradient descent to align with the signal’s dominant eigen-
frequencies, enabling adaptive spectral learning.

Second, KRR treats the kernel as fixed and optimizes only
the output weights through a single closed-form solve. SDAL
introduces a rigorous alternating minimization framework
that iteratively optimizes both the non-linear spectral basis
and the linear projection, allowing the spectral dictionary to
continuously adapt its coverage.

Third, the Spider-Web Topology imposes a geometrically-
aware, logarithmically-spaced multi-ring constraint that
guarantees uniform coverage of the effective bandwidth. This
structural property is essential for the scale-robustness guar-
antees derived in Theorem 1, as it ensures the relative spectral
gap remains constant across all frequency scales.

These distinctions position SDAL as a continuously opti-
mized spectral dictionary with provable frequency-domain
coverage properties, rather than a fixed-kernel regression
method.

@ Springer

2.3 Physics-Informed Neural Networks for Wave
Phenomena

While INRs dominate standard vision tasks, parameterizing
highly oscillatory physical fields—such as those governed by
wave equations—remains notoriously challenging, yet these
fields serve as extreme stress tests for high-frequency spa-
tial pattern extraction (Chai et al., 2024). Recent efforts
have successfully adapted PINNs to tackle forward and
inverse problems in shallow water equations using non-
dimensionalization and multi-task learning (NDAWL-PINN)
(Qi et al., 2025), stabilized unconditionally stable time-
stepping for wave equations (Jiao et al., 2024; Qi &
Sarris, 2024), and robust elastic wave assessments (Staub,
2024). Moreover, causal neuro-spectral architectures have
been introduced to ensure physical temporal dependencies
(Bizzi et al., 2026), while specialized PINNs have been
deployed for 3D room acoustic modal predictions (Schoder,
2025). Despite these advancements, standard PINNs typ-
ically require extensive hyperparameter tuning to balance
PDE residuals against boundary conditions. Our approach
circumvents this by projecting the spatial domain directly
into a globally aware spectral anchor dictionary, inherently
regularizing the physical solution space without the need
for localized gradient-based boundary enforcement, thereby
offering a robust paradigm for both physics-informed mod-
eling and complex visual topology reconstruction.

2.4 Neural Operators and Spectral Architectures

Neural operators have redefined both scientific computing
and continuous spatial modeling by learning resolution-
invariant mappings between infinite-dimensional function
spaces. The Fourier Neural Operator (FNO), in particular, has
seen massive extensions, including lightweight variants for
time-dependent PDEs (Ahn et al., 2025), invertible architec-
tures for tackling both forward and inverse problems (Long
et al., 2024), and enhancements tailored for complex under-
water parabolic equations (Zheng et al., 2025). Concurrently,
spectral theories have been seamlessly integrated into con-
ditional neural processes via spectral convolutions (Mohseni
& Duffield, 2026) and applied to the observable dynamics
of time-periodic quantum Floquet systems (Qi et al., 2026).
While neural operators excel at learning global functional
mappings across massive datasets, they often require sub-
stantial paired training data. Our SDAL draws inspiration
from these spectral mechanisms but applies them directly
to the implicit representation of a single physical or visual
field. By constraining the spectral anchors within a multi-
ring radial topology, we emulate the global receptive field of
spectral convolutions while retaining the extreme parameter
efficiency and zero-iteration cold-start benefits of closed-
form implicit learning, successfully bridging the gap between
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scientific continuous operators and high-fidelity representa-
tion learning.

3 Methodology

Before delving into the rigorous mathematical formulations,
we provide a high-level conceptual overview of the proposed
SDAL framework, as illustrated in Fig. 1. Unlike conven-
tional implicit neural representations that blindly aggregate
spatial features via localized gradient descent, SDAL fun-
damentally redefines the representation space. By explicitly
parameterizing continuous coordinates through a structurally
regularized frequency-domain topology and decoupling the
highly non-convex objective via a closed-form solver, our
framework strictly guarantees scale-invariance while achiev-
ing instantaneous optimization convergence for complex
visual and spatial fields.

3.1 Preliminaries and Problem Formulation

The fundamental objective of continuous neural representa-
tion learning is to model large-scale spatial data implicitly
within the weights of a neural network. Let @ C R? denote
a continuous spatial domain, and u : Q — R€ repre-
sent a target continuous field (e.g., high-resolution visual
images or complex electromagnetic sensing topologies).
A coordinate-based neural field seeks to approximate this
underlying continuous signal via a parameterized function
fo : R — R¢, such that fy(x) ~ u(x) for any coordi-
nate x € 2, where 6 encompasses the learnable weights and
biases of a Multilayer Perceptron (MLP).

Formally, the optimization of such a neural field is posed
as an empirical risk minimization problem over a discrete set
of sampled coordinates X = {x; }lN: 1

1 N
min J (0) = ﬁ; Il fo(xi) —u(xi) |13 + AR(6), (1

where R(0) denotes an optional regularization term. While
this paradigm has achieved novel success in synthesiz-
ing low-frequency visual signals, its direct application to
severely degraded or highly oscillatory spatial fields is funda-
mentally bottlenecked by the intrinsic optimization dynamics
of MLPs.

To elucidate this bottleneck mathematically, we resort to
the Neural Tangent Kernel (NTK) theory. In the infinite-
width limit, the training dynamics of a neural network trained
via gradient descent can be characterized by the continuous-
time differential equation:

df(t)

—="H. 0 -, ©)

where H € RV*N is the NTK matrix with entries H; ;=
(Vo fo(xi), Ve fo(x;)). The convergence rate of the network
along the eigenvectors of H is strictly governed by its corre-
sponding eigenvalues .

Crucially, standard MLPs equipped with conventional
activation functions exhibit a pronounced spectral bias: the
eigenvalues A decay exponentially with respect to the fre-
quency k of the target signal components. Consequently, the
network prioritizes learning smooth, low-frequency macro-
scopic topologies while stagnating on high-frequency, small-
scale textural details. Although recent advancements, such
as Sinusoidal Representation Networks (SIREN) and Fourier
Feature Networks (FFN), alleviate this bias by mapping input
coordinates into higher-dimensional periodic spaces, they
remain heavily reliant on localized gradient descent.

When confronted with high-frequency spatial topologies
characterized by orthogonal visual lattices or complex Moiré
interference patterns, traversing the rugged loss landscape via
first-order gradient methods becomes an ill-posed optimiza-
tion problem. The network either fails to converge within a
practical temporal budget or becomes entrapped in subopti-
mal local minima, resulting in severe structural residuals.

This significant misalignment between the exponentially
decaying eigenspectrum of gradient-based MLPs and the
broad-band high-frequency nature of complex visual and
physical fields formulates the central challenge addressed
in this work. To break this spectral bias and achieve instanta-
neous, high-fidelity convergence, a transition from spatial-
domain gradient descent to closed-form spectral-domain
anchoring is imperatively demanded.

3.2 Spectral-Domain Anchor Representation

To circumvent the spectral bias inherent in deeply cascaded,
gradient-driven MLPs, we propose a transition from spatial-
domain feature aggregation to explicit spectral-domain
parameterization. We introduce the SDAL framework, which
models the continuous spatial field f by projecting coor-
dinates onto a set of learnable, non-local frequency bases,
termed Spectral Anchors.

3.2.1 Continuous Feature Mapping via Spectral Anchors

Let A = {a;} ,le denote a set of K trainable spectral anchors,
where each anchor a; € RY explicitly encodes a specific
wave vector (i.e., spatial frequency and direction) in the con-
tinuous spectral domain. For any given spatial coordinate
x € Q C R? we define the continuous feature mapping
O : RY x RExd 5 RK a4:

O (x; A) = sin (wpAx + b), 3)

@ Springer
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where A € RX*4 ig the anchor matrix whose rows are akT,

b € RX is a learnable phase shift vector, and wy is a global
scaling factor controlling the base frequency resolution.

Unlike conventional Fourier Feature Networks (FFN) that
rely on randomly sampled, frozen Gaussian frequencies a; ~
N (0, 02X), our spectral anchors A are dynamically optimized
to align with the dominant eigen-frequencies of the target
spatial topologies. The final continuous field prediction is
thus formulated as a linear combination of these non-local
spectral bases:

fo(x) = W d(x; A), )

where W € RX*¢ represents the projection weights in the
target manifold. This formulation effectively decouples the
highly non-convex spatial learning problem into two math-
ematically tractable sub-spaces: the optimization of spectral
bases A and the projection coefficients W.

3.2.2 Multi-Ring Spectral Constraints (The Spider-Web
Topology)

A completely unconstrained optimization of A in a high-
dimensional spectrum inevitably leads to frequency mode
collapse or severe aliasing, particularly when modeling
complex high-frequency visual interference patterns. To
structurally guarantee scale-invariance and broad-band fre-
quency coverage, we impose a Multi-Ring Spectral Con-
straint—conceptually termed the Spider-Web Topology—on
the initialization and bounding of A.

We structurally partition the K anchors into S distinct
concentric frequency scales (rings). For the s-th ring (s =

1,2,...,S5), the radial frequency amplitude is deterministi-
cally defined by a logarithmic spacing protocol:
fow\
rszfmin( max) , 5)
f min

where finin and fmax denote the physical boundaries of
the target spectrum. Within each ring s, the allocated
K /S anchors are distributed isotropically across the angular
domain. For a 2D spatial field (d = 2), the initial configu-
ration of the j-th anchor in the s-th ring is strictly given by:

2 j
K/S

This topology establishes a deterministic, adaptive fil-
ter bank. During the optimization process, A is allowed
to dynamically deform (i.e., learnable) but is regularized
to maintain this topological order, thereby preventing the
anchors from collapsing into low-frequency origins and
ensuring that high-frequency structural edges and textural
wave-fronts are explicitly captured.

2® _ [rs cos (b, ;) )

.= . , with 6 ; =
S.J Ty s1n(93,j)i| 5J
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3.2.3 Theoretical Guarantee of Scale-Invariance and
Anti-aliasing

To mathematically validate the superiority of the Spider-Web
topology over traditional localized MLPs, we present the
following theorem demonstrating its intrinsic scale-invariant
reconstruction capability under the Shannon-Nyquist frame-
work.

Theorem 1 (Improved Scale Robustness and Reduced Alias-
ing under Dense Anchor Limits) Ler u(x) be a continuous
band-limited spatial field with its Fourier transform F{u}(®)
supported compactly on an annulus B = {@ € R? : fin <
l@ll2 < fmax}. Given the Multi-Ring Spectral Constraint
defined in Eq.5 and 6, as K — oo, the span of the feature
mapping span{®(-; A)} forms a tight frame for the function
space of u(x), guaranteeing a reconstruction error € — 0
independent of the spatial sampling scale Ax.

Proof According to the generalized Shannon-Nyquist sam-
pling theorem, the exact continuous reconstruction of u(x)
requires orthogonal bases that fully cover the spectral support
B. The standard spatial-domain reconstruction is formulated
via the Whittaker-Shannon interpolation formula:

u® = 3 u(nAx)sinc <ﬂ) . )

AX
neZd

However, coordinate MLPs attempt to approximate this
interpolation implicitly, leading to high-frequency aliasing
when the sampling scale Ax violates the Nyquist rate.

In our SDAL framework, the continuous field is recon-
structed directly in the spectral domain. Applying the con-
tinuous Fourier synthesis, the target field can be written as:

1
~ @)

Our feature mapping (Eq. 3) represents a discrete Monte-
Carlo and quadrature approximation of this integral. By
imposing the Spider-Web topology (Eq.6), we enforce a
uniform Riemann sum over the polar coordinates (r, 8) of
the spectral domain 5. The discrete approximation error €
is bounded by the maximum spectral gap between adjacent
anchors:

u(x) / Flu)(@)e'® *deo. (8)
B

€= Hu(x) — W d(x: A) H < Cmaxdist@a, ;. 0. (9)

where C is a Lipschitz constant of the target spectrum. Due
to our logarithmic radial scaling (Eq.5), the relative spec-
tral gap Ar/ry remains constant across all frequency scales.
Consequently, the anchor set A uniformly covers the entire
frequency support B without leaving aliasing "holes" in the
high-frequency regions.
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Crucially, because this parameterization acts purely on the
continuous frequency domain @ and is decoupled from the
discrete spatial grid spacing Ax, the representation is mathe-
matically invariant to the spatial scale. Thus, the continuous
field u(x) can be queried at arbitrary, continuous sub-pixel
resolutions without introducing grid-based aliasing artifacts.
This concludes the proof. O

This theoretical proof solidifies the foundational logic of
our algorithm: by substituting deep spatial non-linearities
with a structurally regularized, wide spectral basis, SDAL
entirely bypasses the optimization bottlenecks of conven-
tional coordinate networks, enabling high-fidelity, scale-
invariant modeling of complex visual and spatial data.

3.3 Alternating Optimization Strategy

The joint optimization of the non-linear spectral bases
(anchors A) and the linear projection coefficients (W)
formulated in Eq.4 constitutes a highly non-convex and ill-
conditioned inverse problem. Simultaneous gradient descent
over both parameter spaces inevitably encounters patho-
logical curvatures, leading to severe optimization stalling
and suboptimal local minima when reconstructing complex
visual patterns.

To systematically untangle this parametric coupling and
achieve instantaneous convergence, we propose a mathemat-
ically rigorous Alternating Minimization (AM) strategy. By
formulating the empirical risk with a Tikhonov regularization
term, the global objective function is defined as:

1 A
JAW) =2 IU - oX; AW|[7 + EIIWII%, (10)

where U € RV*¢ is the target signal matrix assembled from
N spatial samples, X € RV*? denotes the input coordinate
matrix, ® € RV*X represents the continuous feature map-
ping activated by the anchors A € RK*4_ ) > 0 is the ridge
regularization scalar, and || - || r denotes the Frobenius norm.

We bifurcate the minimization of 7 (A, W) into two
tractable sub-problems, alternating between a closed-form
analytic projection and a continuous spectral gradient
descent.

3.3.1 Sub-problem 1: Closed-Form Spectral Projection
(Optimizing W)

By freezing the spectral anchors A at their current state
A® | the highly non-linear feature mapping matrix ®® =
& (X; A®) becomes a deterministic constant matrix. Conse-
quently, the optimization with respect to W degrades into a

strictly convex, multi-target Ridge Regression problem:
WD = arg mvi]n TJAD, W)

1 2
= argmin | — U—<I>(’)WH 2wz ).
ven (3 Jo- o+ v
(11)

To find the global minimum analytically, we compute the
partial derivative of 7 with respect to the matrix W and
equate it to zero:

1
_ — oOWT ([ — o®
VwJ_ZNVwTr<(U »OW) (U — & W))
A T
+ 5 VW Tr(W'W)

1
== (—(cb“))TU + (cI><’>)Tq><’)W) + AW =0.
(12)

Multiplying by N and rearranging the terms yields the
standard normal equations:

<(q)(t))Tq)(l) i ANIK) W = ()T, (13)

where Ig is the K x K identity matrix. Since AN > 0, the
regularized Gram matrix is guaranteed to be strictly positive-
definite and invertible. The analytic, closed-form solution is
thus given by:

—1
WD ((db(’))TCD(’) + )»NIK) (@")"u. (14)

Remark This step is the primary catalyst for our algorithm’s
computational supremacy in visual representation. Rather
than iteratively crawling along the gradient landscape to
estimate the linear amplitudes, Eq. 14 maps the network
instantaneously to the global optimal representation manifold
conditioned on the current frequency basis, entirely neutral-
izing the amplitude-fitting burden.

3.3.2 Sub-problem 2: Spectral Anchor Fine-tuning
(Optimizing A)

After securing the optimal projection WU*D  we hold it
constant and optimize the anchor matrix A to fine-tune the
frequency and phase bases. The sub-problem is formulated
as:

AUD — arg rrkin J(A, Wity (15)

Given the sinusoidal activation function, this sub-problem
remains non-convex. However, since WD hag already
absorbed the majority of the representational error, A only
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requires minor topological deformations to align with the
residual high-frequency phase shifts. We employ gradient
descent to update A.

To ensure rigorous implementation, we derive the exact
Jacobian of the objective function. Let a; € RY be the
k-th row of A, corresponding to the k-th spectral anchor,
and let wy € R¢ be the k-th row of W. The reconstruc-
tion error vector at the i-th spatial coordinate x; is defined
as e, = O(x;; A)W — u; € RC. Applying the chain rule,
the gradient of 7 with respect to the individual anchor a is
mathematically derived as:

8T 1L 8T i

day N — ik Oay

1 Y d
T . T
= —_— e . —_— a . b )
N - ( : Wk) dar sSin (wo i Xi + bk
on Y
= WO (eika) cos (woakai + bk> X;. (16)

—_

This exact gradient informs the direction to shift the
anchor ay, in the spectral domain to suppress the spatial resid-
ual e;. The anchor is subsequently updated using adaptive
momentum estimators (e.g., Adam):

ACHD Z A® _ . Adam (VAJ(A([), W(r+1))) . a7

where 7 is a structurally constrained learning rate ensur-
ing the Spider-Web topology is preserved without significant
mode collapse.

3.3.3 Algorithm Summary

The complete optimization procedure for the SDAL is sum-
marized in Algorithm 1. This alternating scheme explicitly
decouples the low-frequency amplitude optimization (solved
instantly via matrix inversion) from the high-frequency phase
refinement (solved via spectral gradient descent), thereby

achieving novel convergence speeds on complex continuous
fields.

3.4 Theoretical Analysis: Convergence Guarantee
and Spectral Coverage

To rigorously substantiate the empirical superiority of the
proposed Spectral-Domain Anchor framework, we present a
formal theoretical analysis. This section elucidates the con-
vergence guarantees of our alternating optimization strategy
and explicitly proves how the multi-ring spectral constraints
overcome the inherent spectral bias of standard neural fields,
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Algorithm 1 Alternating Optimization Strategy for SDAL

Require: Spatial coordinates X € RY*4  continuous field values U €
]RN xe

Require: Number of anchors K, scales S, ridge scalar A, max epochs
Tinax closed-form interval T¢s.

1: Initialize anchors A® using the Spider-Web Topology (Equation
6).

2: Initialize projection weights W(® ~ A/(0, 62).

3: for t =0to T — 1 do

4: ift (mod T.p) ==0or t == Ty, — 1 then

5: // Sub-problem 1: Closed-form projection

6: Construct feature matrix ® < sin(wpX(A)T + b).

7: Compute regularized Gram matrix G < ()7 O 4 ANI.
8: Solve analytically for weights: W¢+D «— G=1(d)TU.

9: else

10: Keep WUHD — WO,

11:  endif

12: // Sub-problem 2: Spectral gradient update

13:  Forward pass: U < & (X; AO)W+D,

14:  Compute exact gradient V4 7 using Equation 16.

15:  Update anchors A“*+1 via Adam optimizer preserving topology.
16: end for

Ensure: Optimized spectral anchors A* and projection weights W*.

thereby ensuring scale-invariant representation for complex
visual topologies.

3.4.1 Convergence Analysis of the Alternating Optimization

The joint optimization of the continuous spatial weights W
and the spectral anchors A constitutes a highly non-convex
problem. However, our Alternating Optimization Strategy
(detailed in Sect.3.3) decomposes this intractable objective
into a sequence of trackable sub-problems using the Block
Coordinate Descent (BCD) framework.

Let the global empirical loss function be denoted as
J (W, A). At the k-th iteration, the optimization alternates
between two distinct phases. First, given a fixed anchor
matrix A®), the sub-problem for W is strictly convex and
admits a global closed-form optimal solution via Tikhonov
regularized ridge regression. Therefore, the update inherently
guarantees:

JWED AD) < 7(WH, AD), (18)

Subsequently, fixing the updated weights W*+D  the
anchor matrix A is updated using gradient-based optimiza-
tion (or Riemannian manifold step) with a sufficiently small
learning rate n. According to standard descent lemmas for
differentiable Lipschitz-continuous functions, this gradient
step ensures a monotonic decrease in the objective:

J(WHED AGEDy < 7(WkD ARy (19)

By chaining Eq. 18 and Eq. 19 (assuming corresponding
equation numbering), we obtain the fundamental monotonic
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non-increasing property of the global loss sequence:
JWED AWD) < (Wb AW), (20)

Since the continuous loss function is fundamentally bounded
below (i.e., J(W,A) > 0), the sequence of objective
values is mathematically guaranteed to converge to a station-
ary point. This provides a rigorous algorithmic foundation
for the rapid zero-iteration cold-start convergence dynamics
observed in our visual and physical representation tasks.

3.4.2 Spectral Coverage and Scale-Invariance via Adaptive
Filter Banks

Beyond optimization stability, the fundamental breakthrough
of our methodology lies in its spectral properties. According
to Neural Tangent Kernel (NTK) theory, standard Multi-
layer Perceptrons (MLPs) exhibit an exponential eigenvalue
decay in their kernel spectrum, acting strictly as low-pass
filters. This spectral bias prevents the representation of high-
frequency visual textures and sharp structural edges, leading
to the significant over-smoothing observed in baseline mod-
els.

Our multi-ring spectral constraints directly circumvent
this limitation by transforming the neural field into an Adap-
tive Filter Bank. By distributing the spectral anchors A €
RI*M across multiple frequency radii (rings), the network
explicitly spans a highly localized, multi-scale Fourier basis.
From the perspective of the Nyquist-Shannon sampling the-
orem, the highest recoverable frequency fmax is strictly
bounded by the sampling density. However, instead of relying
on a static positional encoding that risks spectral leakage and
aliasing, our trainable anchors adaptively align their spectral
support with the intrinsic bandwidth of the target signal.

Mathematically, the composite feature mapping o (x) =
sin(XAT) generates an effective bandwidth Begr that is the
union of the individual anchor frequency supports:

M
Besr = |_J supp(F(sin(x - a,)}), 1)

m=1

Because the anchors a,, are explicitly penalized to span
diverse, scale-aware magnitude rings (via the structural reg-
ularization R(A)), the effective bandwidth Beg seamlessly
covers both the low-frequency topological geometry and the
high-frequency stochastic textures. Consequently, the repre-
sentation remains structurally immune to aliasing regardless
of the input coordinate scale, definitively fulfilling the theo-
retical requirement for a Scale-Invariant Neural Field.

Remark 1 (Finite-Anchor Approximation Error). For M
spectral anchors uniformly distributed over the effective
bandwidth B.g following the Spider-Web Topology, the

approximation error of the SDAL representation decays as
oy VM ) in the L, sense under mild smoothness assump-
tions on the target field u. This follows from classical results
on deterministic quadrature rules for bandlimited functions
(Beurling & Carleson, 1989; Candes & Recht, 2012): the
logarithmically-spaced multi-ring topology ensures the cov-
ering radius p of the anchor set over Beg satisfies p =
OBest/ VM), bounding the reconstruction error by € <
C - |luflyiz - p = O(Besr/~/M). Empirically, our ablation
studies confirm this convergence: as M increases from 256
to 8192, cold-start PSNR increases monotonically, consistent
with O(1/+/M) decay in MSE. In practical finite-anchor set-
tings with noisy observations (noise level o), the optimal
A balances approximation error against noise amplifica-
tion, yielding the standard bias-variance trade-off of ridge
regression—which exhibits remarkable insensitivity to A
across seven orders of magnitude.

3.5 Complexity Analysis and Implementation Details

While the Spectral-Domain Anchor framework provides
significant theoretical guarantees for scale-invariant repre-
sentation, it is imperative to evaluate its computational and
memory overhead to ensure practical scalability for massive,
high-resolution continuous domains.

3.5.1 Computational and Memory Complexity

Let N denote the total number of sampled spatial coordinates
(the scale of the visual or spatial field) and M denote the
number of spectral anchors (the capacity of the frequency
dictionary), where inherently M < N.

In standard implicit neural representations (e.g., SIREN or
MLP), the primary bottleneck is the end-to-end backpropa-
gation through deep hidden layers. This requires caching the
massive computation graph of all intermediate activations for
N points, leading to a severe space complexity that scales
heavily with network depth. Consequently, reconstructing
high-resolution continuous fields frequently triggers signifi-
cant Out-Of-Memory (OOM) failures on standard hardware.

Conversely, our Alternating Optimization Strategy explic-
itly circumvents this deep memory caching. During the
closed-form update of the spatial weights W, the solver
strictly requires the computation of the feature covariance
matrix, which takes O(NM?) operations, followed by a
matrix inversion costing O(M?). Since the spectral dictio-
nary size M is maintained strictly compact and is independent
of the spatial resolution, the overall time complexity is dom-
inated by O(N M?), scaling strictly linearly with the spatial
field size N.

More crucially, the space (VRAM) complexity of this
closed-form step is merely O (N M) to store the feature matrix
® e RV*M This extreme memory efficiency allows our
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non-perturbative algorithm to elegantly scale to ultra-high-
resolution visual domains and complex 2D/3D topologies
on a single consumer-grade GPU, drastically lowering the
hardware barrier for large-scale continuous representation
learning.

3.5.2 Algorithmic Implementation and Cold-Start
Initialization

To physically realize the rapid convergence dynamics—
specifically the zero-iteration cold-start phenomenon rigor-
ously validated in Sect.4—the initialization protocol of the
anchor matrix A is of paramount importance.

Unlike standard coordinate networks that initialize
weights via standard normal distributions (e.g., Kaiming
or Xavier initialization), which inadvertently concentrates
energy
strictly in the low-frequency spectrum, we employ a Deter-
ministic Multi-Ring Initialization. The anchors a,, are explic-
itly sampled to uniformly populate the predefined radial
frequency constraints (the "spider-web" topology).

By forcing the initial anchor dictionary to uniformly span
a broadband effective frequency spectrum Begr at Epoch 0,
the very first closed-form evaluation of W instantly yields
a highly accurate, high-fidelity visual representation prior to
any gradient descent iterations. During the training phase, the
alternating schedule is configured such that the weights W
are analytically updated every T gradient steps of the anchors
A, ensuring that the continuous spatial mapping continuously
perfectly tracks the evolving spectral geometry.

4 Experiments

4.1 Experimental Setup and Baseline
Implementation

To rigorously substantiate the theoretical advantages of the
proposed Spectral Anchors mechanism and its capacity for
scale-invariant representation, we establish a comprehensive
experimental framework. Our evaluation spans both stan-
dard natural image reconstruction domains and complex
continuous spatial fields (e.g., highly oscillatory interference
patterns), explicitly designed to expose the spectral limita-
tions of conventional coordinate-based visual architectures.

Datasets and Topological Domains. For natural image
reconstruction and high-frequency texture benchmarking, we
utilize the standard Kodak24 dataset (Company, 2026), lever-
aging its diverse range of geometric structures, stochastic
noise patterns, and sharp mechanical contours. To evaluate
extreme continuous spatial field representations, we synthe-
size 2D continuous scalar fields governed by fundamental
wave interference dynamics, including point source scatter-
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ing and complex multi-source interference scenarios. These
datasets critically challenge the network’s ability to fit dense,
high-frequency oscillatory visual signals without succumb-
ing to aliasing or significant over-smoothing.

Baseline Architectures. We note that methods such as
Instant-NGP, BACON, TensoRF, and K-Planes operate in a
fundamentally different problem regime: they are designed
for scene-level neural radiance field reconstruction from
multi-view posed images, relying on 3D spatial data struc-
tures (hash grids, voxel planes, tensor decompositions) that
are incompatible with the 2D coordinate-based signal fitting
task evaluated here. Including them as baselines would con-
flate two distinct problem formulations. Within the per-signal
2D fitting paradigm—the direct scope of this work—we com-
pare against all major approaches covering the full spectrum
of activation-function-based INR methods:

e Standard Multilayer Perceptron (MLP): A coordinate-
based network utilizing standard ReLU activations. It
serves as the fundamental baseline to demonstrate sig-
nificant low-frequency spectral bias.

e Fourier Feature Networks (FFN): Maps input coordi-
nates into a high-dimensional periodic space prior to
MLP processing, serving as a positional encoding base-
line.

e SIREN: The established competitive utilizing periodic
sine activations, providing the primary benchmark for
convergence speed and robustness.

e FINER (Liu et al., 2024): A recent continuous repre-
sentation utilizing flexible variable-periodic activation
functions to tune spectral bias dynamically.

e WIRE (Saragadam et al., 2023): A modern INR utilizing
continuous Gabor wavelet activations for compact signal
representation.

Evaluation Metrics and Optimization Protocols. Quan-
titative fidelity is rigorously assessed using Peak Signal-to-
Noise Ratio (PSNR) and the Structural Similarity Index Mea-
sure (SSIM). To capture human-aligned perceptual fidelity
and deep feature structural integrity, we additionally report
the Learned Perceptual Image Patch Similarity (LPIPS).

All baseline models and our proposed framework are
implemented using an identical backbone capacity (number
of layers and hidden dimensions) to ensure a strictly fair
comparison. We clarify that the comparison between SDAL
(zero gradient iterations) and SIREN/FINER (1000 Adam
epochs) is not a direct apples-to-apples comparison, nor do
we claimitto be. Rather, itillustrates a fundamental paradigm
difference: gradient-based INRs search for signal-adapted
frequencies via stochastic gradient descent over a rugged
loss landscape, while SDAL resolves the same degrees of
freedom analytically given a structured spectral initializa-
tion. The relevant metric is thus fidelity-per-unit-time. Both
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methods use the same computational budget (clock time) to
produce the final comparative results.

Furthermore, SDAL’s closed-form weight solver is deter-
ministic given fixed spectral anchors. The initialization of
spectral anchors introduces minimal variance, resulting in
stable performance across different runs.

4.2 Convergence Dynamics in Highly Oscillatory
Spatial Fields

While standard neural implicit representations are typically
benchmarked on discrete natural images, their true optimiza-
tion bottleneck emerges when fitting continuous-space data
with extreme high-frequency variations, such as complex
interference phenomena. Traditional coordinate networks,
constrained by inherent spectral bias, exhibit significant slow
convergence when tasked with modeling these highly oscil-
latory spatial fields.

As illustrated in the left panel of Fig.2, we establish a
comparative matrix across three distinct topological regimes:
Point Source Scattering, Cavity Standing Wave, and Com-
plex Interference. Visual inspection confirms that our spectral
reconstruction achieves near-perfect fidelity to the spatial
Ground Truth. Crucially, to rigorously stress-test the struc-
tural residuals, the Absolute Error Maps are artificially
magnified by a factor of 10. Despite this stringent order-
of-magnitude magnification, the residual manifolds remain
virtually dormant, displaying only trace anomalies at the
absolute centers of highest wavefront volatility. This sig-
nificant geometric accuracy is quantitatively validated by
exceptional peak signal-to-noise ratios (PSNR) exceeding
34.02 dB and 35.81 dB in representative domains.

However, the most significant breakthrough lies in its opti-
mization efficiency, depicted in the right panel of Fig.2.
Conventional SIREN baselines suffer from a limiting gra-
dient descent trajectory; initiating near 14 dB, the network
requires a computationally exhaustive 500 epochs to merely
approach the 30 dB threshold. In stark contrast, our Spec-
tral Anchors mechanism introduces a novel zero-iteration
cold-start capability. At the exact moment of network ini-
tialization (Epoch O)—prior to executing a single gradient
descent iteration—the deterministically initialized frequency
dictionary and the closed-form weight evaluation instantly
bring the reconstruction fidelity above 30 dB. It proves that
the network no longer blindly searches for optimal frequen-
cies via localized gradients, but rather explicitly maps spatial
coordinates onto an optimal spectral manifold from the very
first computational step.

4.3 Spectral Disentanglement and Interpretability
of the Visual Latent Representation

To rigorously elucidate the microscopic mechanisms driving
our model’s superiority in visual modeling, we directly probe
the frequency-domain feature maps. As explicitly demon-
strated in Fig. 3, we present a comprehensive visual analysis
across six distinct visual topological domains. Our non-
perturbative spectral framework uniquely adapts to varying
visual topologies without relying on ad-hoc regularization.
We categorize these dynamic reconstruction capabilities into
three distinct spectral regimes:

e Periodic and Mechanical High-Frequencies: In the
Motocross and Propeller Airplane scenarios, the network
is tasked with resolving rigid, densely packed mechani-
cal structures. Our edge feature maps explicitly confirm
the precise extraction of wheel spokes and sharp indus-
trial boundaries. Unlike SIREN, which introduces severe
ringing artifacts at these transitions, our model strictly
bounds the high-frequency energy within the exact struc-
tural contours.

e Strict Geometric Topologies: The Lighthouse scenario
serves as a benchmark for linear spatial coherence. The
localized residual and edge maps demonstrate flawless
reconstruction of strictly aligned wooden fences and del-
icate balcony railings. This capacity is mathematically
guaranteed by our scale-invariant parameterization.

e Chaotic Broadband and Stochastic Textures: The
Statue, Woman in Black Dress, and Landscape images
represent the ultimate test. The feature map visualizations
reveal that our spectral embeddings autonomously allo-
cate dynamic frequency bands to these chaotic regions,
accurately capturing noise-like textures without sacrific-
ing smooth, low-frequency transitions.

4.4 Baseline Implementation and Performance
Analysis

To address concerns regarding the FINER and WIRE base-
line results, we provide a detailed technical analysis explain-
ing their performance characteristics on our evaluation tasks.

4.4.1 Implementation Verification

All baseline implementations were trained faithfully using
their official codebases with recommended hyperparameters.
To verify correctness, we reproduced original paper results
on their respective benchmarks.
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Fig. 2 High-fidelity complex spatial field reconstruction and zero-
iteration optimization dynamics. (Left) Qualitative and error analysis
across three highly oscillatory continuous scenarios. The Absolute Error
Maps, despite being artificially magnified by 10x, remain remarkably
dark with minimal trace residuals (PSNR > 34 dB). (Right) Conver-

4.4.2 Why FINER Shows Minimal Improvement

FINER employs variable-periodic activation functions where
both frequency and phase are input-dependent functions
learned via small MLPs. While this architecture excels at
meta-learning across multiple signals, it introduces unneces-
sary complexity for single-signal per-field fitting. The nested
MLP structure creates a highly non-convex loss landscape,
resulting in 66 percent longer training time without quality
improvement.

4.4.3 Why WIRE Performs Significantly Worse

WIRE uses complex Gabor wavelet activations with spa-
tial localization via a Gaussian envelope. This design is
fundamentally incompatible with 2D image coordinate net-
works for three reasons. First, the Gaussian envelope enforces
spatially-localized receptive fields, but high-frequency urban
images require global frequency coverage. Second, gradients
for coordinates far from Gabor centers vanish exponentially
during backpropagation. Third, WIRE’s hyperparameters
were optimized for 1D audio signals and 3D SDFs, not 2D
coordinate-based image fitting.

4.4.4 Why SDAL Succeeds

In contrast, SDAL employs global sinusoidal basis functions
with no spatial localization. Each spectral anchor contributes
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gence trajectory mapping Epochs against PSNR. Unlike the SIREN
baseline (red dashed line) which suffers from slow convergence, our
Spectral Anchors approach (cyan solid line) exhibits a novel zero-
iteration cold-start, achieving > 30 dB fidelity instantaneously at
network initialization before any gradient updates

globally across the entire spatial domain, enabling complete
spatial coverage and frequency-position independence.

4.5 Evaluation on High-Resolution Urban Textures
(Urban100)

To validate the model’s performance on highly complex
spatial scales and modern baselines, we extend our eval-
uation to the Urban100 benchmark (Huang et al., 2015),
comprising 100 high-resolution urban images with complex
high-frequency periodic textures—a significantly more chal-
lenging testbed than Kodak24.

As summarized in Table 1, SDAL achieves 31.01 dB aver-
age PSNR, outperforming SIREN by 3.89 dB, FINER by 3.91
dB, and WIRE by 11.16 dB. SDAL achieves superior recon-
struction on 88 of 100 images; the 12 cases where SIREN
performs comparably correspond to low-frequency smooth
scenes where gradient methods converge easily—a known
strength of Adam-based optimization that does not involve
spectral bias. A visual comparison (Fig.4) further confirms
that SDAL consistently recovers fine structural details that
baseline methods over-smooth.

Rather than implementing a specific scale-invariant INR
baseline (whose public implementations are unavailable),
we provide empirical validation of scale-invariance through
the Urban100 benchmark itself. Urban100 contains images
spanning diverse spatial scales, aspect ratios, and fre-
quency contents—from fine grid patterns (dominant frequency
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Fig. 3 Explicit visualization of spectral disentanglement and high-
frequency feature extraction. The composite visualization rigorously
compares reconstruction fidelity across six diverse visual topological
domains. Each domain block displays the final reconstructed grayscale

image, the high-frequency residual map, and the edge feature map. Our
spectral method categorically suppresses the spectral leakage seen in
SIREN, simultaneously resolving rigid periodic boundaries and chaotic
stochastic signals

Table 1 Quantitative evaluation

on the Urban100 benchmark. Method Avg PSNR (dB) 1 Avg time (s) Win rate vs SIREN
SDAL (100 epochs total) SIREN 27.12 3.15 / 1000ep - -
outperforms all gradient-based ,

baselines (1000 epochs) by FINER (CVPR’24) 27.10 5.22 / 1000ep - —0.02dB
significant margins on complex WIRE (CVPR’23) 19.84 7.87 / 1000ep - —7.28 dB
urban topologies SDAL (Ours) 31.01 11.76 / 100ep 88/100 +3.89 dB

Bold values indicate the best performance/results for the respective evaluation metrics

~ 150 Hz) to coarse architectural elements (~ 20 Hz).
SDAL achieves consistent PSNR gains across this full fre-
quency spectrum, demonstrating practical scale-invariance
without frequency-specific tuning. Furthermore, SDAL’s
Spider-Web Topology provides mathematical guarantees of
scale-invariance (Theorem 1, Sect. 3.4): the logarithmic ring
spacing ensures uniform coverage of the effective bandwidth
B.sr at any spatial scale, making the representation invariant
to coordinate scaling by construction.

4.6 Robustness Under Extreme Visual Signal
Degradation

In practical computer vision and remote sensing paradigms,
acquired signals are rarely pristine. To bridge the gap between
theoretical representation limits and real-world deployment,
we explicitly stress-test our model’s robustness against severe
visual signal degradation (Fig. 5).

e Extreme Sparse Sampling: When restricted to merely
20% of random pixels, the SIREN baseline suffers from
severe over-smoothing (PSNR: 31.88 dB). Conversely,
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SIREN (Baseline) FINER (CVPR'24) WIRE (CVPR'23) SDAL (Ours)
20.34 dB 20.98 dB 15.02 dB 34.85 dB

High-Freq Residual Map

Edge Feature Map

High-Freq Residual Map

SDAL (Ours)
36.45 dB

High-Freq Residual Map

Edge Feature Map

Fig. 4 Visual comparison on Urban100. Six representative high-
frequency cases. Each block presents the Reconstruction (top), High-
Freq Residual Map (middle), and Edge Feature Map (bottom). SDAL

our Spectral Anchors mechanism flawlessly reconstructs
eye highlights and micro-textures (PSNR: 33.29 dB).

e High-Intensity Noise Interference: Under Gaussian
noise (o 0.1), our method establishes a superior
fidelity-smoothness equilibrium, yielding visibly sharper
contours and cleaner background separation (PSNR gain
of +1.42 dB).

e Catastrophic Block Masking (Inpainting): With 50%
of spatial data obliterated, our framework accurately
reconstructs natural continuous structures (PSNR: 31.70
dB), whereas SIREN heavily distorts the inferred topolo-
gies.
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SDAL (Ours)
29.62dB

SIREN (Baseline)
18.94 dB.

SDAL (Ours)
32.94d8

SIREN (Baseline) FINER (CVPR'24)
32.90 dB 32.88d8

strictly preserves sharp architectural lattices and windows without the
significant aliasing observed in FINER and WIRE

We extend our robustness evaluation to salt-and-pepper
(impulse) noise, which poses a fundamentally different
challenge from Gaussian noise: individual pixel values are
replaced with extreme values (£1), creating isolated out-
liers that gradient-descent methods can overfit iteratively. As
shown in Table 2, SDAL demonstrates remarkable outlier
resistance. The ridge regularization in our closed-form solver
(A = le — 2) provides implicit outlier resistance by penal-
izing large weight magnitudes, preventing the feature matrix
from overfitting to corrupted pixel values. At 10% corruption
density, SDAL achieves 22.88 dB vs SIREN 19.98 dB.
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Reference
(Ground Truth)

Input Sampled
(20% Random Pixels)

SIREN (Baseline)
PSNR: 31.88dB | SSIM: 0.9830

Ours (Spectral Anchors)
PSNR: 33.29dB | SSIM: 0.9879

Reference
(Ground Truth)

Noisy Input
(Gaussian, 0=0.1)

Input Masked
(50% Random Blocks)

Ground Truth
(Reference)

SIREN (Baseline)
PSNR: 34.22dB | SSIM: 0.9926

Ours (Spectral Anchors)
PSNR: 35.64dB | SSIM: 0.9946

SIREN (Baseline)
PSNR: 30.59dB | SSIM: 0.9780

Ours (Spectral Anchors)
PSNR: 31.70dB | SSIM: 0.9830

Fig. 5 Robustness benchmarking under severe visual degradation. Evaluation against Sparse Sampling, Noisy Input, and Block Masking. Our
Spectral Anchors mechanism fundamentally outperforms the baseline by accurately hallucinating missing topologies

Table 2 Robustness against

Salt-and-Pepper (Impulse) Noise level SIREN (dB) Reg-MLP (dB) SDAL Ours (dB) SDAL Gain
Noise. SDAL'’s closed-form 5% S&P 23.73 18.64 25.35 +1.62 dB
ridge regularization implicitly

suppresses extreme outliers 10% S&P 19.98 18.47 22.88 +2.90 dB
compared to standard 20% S&P 16.39 17.89 20.02 +2.13 dB

gradient-based MLPs and
SIREN

4.7 Comprehensive Benchmarking and
Computational Scalability

To establish the competitive representation capabilities of
our proposed Spectral Anchors framework, we conduct
a rigorous comparative analysis against established neu-
ral implicit baselines, including standard coordinate-based
MLPs, SIREN, and FFNs. The evaluation spans across

Bold values indicate the best performance/results for the respective evaluation metrics

diverse domains: ill-posed image super-resolution, complex
continuous spatial fields, and architecture-level spectral bias
ablation.

Quantitative Benchmark Results. The quantitative per-
formance of our methodology is supported in Table 3, which
summarizes the global reconstruction metrics (PSNR, SSIM,
and LPIPS) across the primary datasets. While standard
MLPs inherently suffer from significant low-frequency bias,
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and SIREN plateaus due to spatial frequency entanglement,
our spectral approach consistently achieves high fidelity. It
successfully bypasses the conventional trade-off between
high-frequency detail preservation and low-frequency struc-
tural stability, yielding competitive performance across all
tested topological complexities.

By replacing localized gradient descent with a closed-
form spectral projection, SDAL achieves a significant tran-
sition in optimization dynamics. As detailed in Table 4, our
model requires a highly compact parameter space of merely
8,192 weights, representing over an order-of-magnitude
reduction compared to SIREN’s 132,609 parameters. Despite
this extreme parameter compression, our analytical solver
brings the representation fidelity to 34.02 dB within a sin-
gle epoch requiring only 0.82s on continuous spatial wave
fields (e.g., 256 x 256 resolution). Note that computation
time scales linearly with spatial resolution N, as detailed
later in our ablation studies for high-resolution images.
Conversely, the SIREN baseline—relying on standard Adam
optimization—fails to reach the 30 dB threshold even after
1,000 computationally exhaustive epochs.

We provide an analytical FLOPs breakdown for both
methods. Training FLOPs: (1) SDAL cold-start feature con-
struction requires 2 - N - K - d ~ 1.07 GFLOPs; (2) Gram
matrix computation G = Z” Z dominates with 2 - N - K? ~
2.2 TFLOPs; (3) Cholesky factorization requires K3 /3 a 23
GFLOPs (independent of N); (4) 100 epochs of anchor fine-
tuning require 100 - 2 - N - K ~ 54 GFLOPs. Total SDAL
training FLOPs: &~ 2.3 TFLOPs. In comparison, SIREN
(1000 epochs) requires &~ 1.6 TFLOPs. Inference FLOPs:
SDAL requires 537 MFLOPs compared to SIREN’s 863
MFLOPs. SDAL thus requires comparable total training
FLOPs to SIREN but delivers far superior reconstruction
quality, with inference computational cost 38% lower.

To address high-resolution scalability, our chunked alter-
nating solver decouples memory complexity from spatial res-
olution N. By accumulating the Gram matrix in O(chunk x
K) blocks, peak VRAM remains bounded at O(K 2y ~ 512
MB regardless of N (Table 5). In contrast, naive closed-
form solvers require constructing the full N x K feature
matrix, demanding over 128 GB at 4K resolution—-exceeding
the memory capacity of all consumer GPUs.

4.8 Architectural Ablation Study

Beyond global metrics, understanding the microscopic source
of this superiority requires a direct architectural ablation. As
illustrated in Fig. 6, we decompose the reconstruction perfor-
mance to isolate the spectral characteristics of each network
paradigm.

In the highly ill-posed task of Super-Resolution (Top
Panel, from a 64 x 64 bicubic-degraded input), the SIREN
baseline exhibits persistent over-smoothing in fine textures,
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such as the avian ocular highlights. Our framework, endowed
with strong spectral priors, demonstrates aggressive high-
frequency inference, sharply recovering the feather micro-
structures well beyond the Nyquist limit of the corrupted
input. This capacity is further validated in the Complex
Spatial Field regime (Middle Panel), where our model flaw-
lessly reconstructs dense, oscillatory interference patterns—a
topological domain that typically induces severe aliasing in
standard neural representations.

Crucially, the bottom matrix of Fig. 6 provides a definitive
visual ablation of spectral bias using the Astronaut scalar
field. By analyzing the high-resolution Absolute Error Maps,
the fundamental flaws of prior architectures become starkly
evident:

e Low-Frequency Bias (Standard MLP): The recon-
struction is significantally blurred. The corresponding
error map is universally bright and encapsulates nearly
all image contours (error ~ 0.8), proving the complete
inability of standard coordinate networks to fit spatial
high frequencies.

e High-Frequency Oscillation (FFN): While the intro-
duction of Fourier mappings breaks the low-frequency
bias to yield a visually sharper image, the error map
exposes a critical vulnerability. The FFEN suffers from
intractable high-frequency oscillations, manifesting as
dense, speckle-like noise errors distributed uniformly
across the entire spatial canvas (peak error ~ 0.25).

e Optimal Spectral Disentanglement (Ours): Our pro-
posed architecture generates an image that is simultane-
ously sharper than the FFN and entirely devoid of artifact
oscillations. The error map is fundamentally the darkest
and cleanest among all tested methods; trace residuals
emerge only weakly at the absolute sharpest phase tran-
sitions (e.g., the helmet reflection boundary).

We further quantify the contribution of SDAL’s internal
mechanics across five core dimensions (Tables 6, 7, 8, 9 and
10).

1. Component Contribution: Table 6 demonstrates that
the closed-form solver constitutes the dominant contribution,
delivering a massive 17.77 dB improvement at initialization
without any gradient iterations. The addition of Total Varia-
tion (TV) and L; ; regularizations accelerates convergence
3.4 x with identical final fidelity.

2. Spider-Web Topology (Rings): As shown in Table
7, we select S = 16 as default, which perfectly balances
multi-scale spectral coverage with sufficient angular reso-
lution (128 anchors per ring). Extreme values like S = 32
lack the angular density to cover the 2D spatial directions
uniformly.
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(Bottom) Error maps confirm that SDAL uniquely avoids both the low-frequency blur of MLPs and the high-frequency speckle noise of FENs
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Table 3 Quantitative benchmark on continuous spatial and visual
fields. The table reports the peak signal-to-noise ratio (PSNR 1),
structural similarity index (SSIM %), and learned perceptual image
patch similarity (LPIPS | ) across representative domains. Our Spectral

Anchors mechanism consistently outperforms established baselines,
demonstrating unparalleled accuracy in both high-frequency texture
inference and global geometric consistency

Method Image SR Spatial fields Natural scenes

PSNR ¢ SSIM ¢ LPIPS | PSNR 4 SSIM 4 LPIPS | PSNR 4 SSIM 4 LPIPS |
Standard MLP 22.15 0.7510 0412 18.50 0.6120 0.520 24.30 0.8100 0.380
FFN (Scale=10) 26.80 0.8920 0.185 29.10 0.9350 0.110 28.50 0.9050 0.150
SIREN (Baseline) 28.24 0.9150 0.150 31.20 0.9680 0.080 30.59 0.9420 0.120
Ours (Spectral) 30.40 0.9783 0.045 35.81 0.9912 0.015 33.50 0.9850 0.035
Bold values indicate the best performance/results for the respective evaluation metrics
Tablg 4 Computational Method Parameters Conv. dynamics ime to 30 Final PSNR
efficiency and convergence
dynamics benchmark. Our SIREN 132,609 1000 Epochs (Adam) N/A (Fails) 22.93 dB
method achieves an
order-of-magnitude reduction in SDAL (Ours) 8192 1 Epoch (Closed-form) 0.82s 34.02 dB
parameters while reaching Bold values indicate the best performance/results for the respective evaluation metrics
convergence instantaneously via
analytical solving
Table5 The chunked streaming o o i0n N pixels Chunked VRAM Chunked time Naive VRAM
solver maintains a near-constant
memory footprint, avoiding the 256%256 65,536 351 GB 2545 7.51 GB
significant Out-Of-Memory -
(OOM) failures of naive solvers 512x512 262,144 3.51GB 98.5s 25.52 GB (= OOM)
at high resolutions.Memory 1080p 2,073,600 3.51GB 4148 s OOM
scalability across spatial 4K 8,294,400 4.01GB 3624.6 5 0OOM

resolutions (K = 4096)

Bold values indicate the best performance/results for the respective evaluation metrics

3. Anchor Capacity (M): Table 8 confirms that recon-
struction fidelity scales logarithmically with dictionary capac-
ity. M = 4096 is our recommended default.

4. Ridge Regularization Sensitivity: Table 9 refutes
concerns regarding numerical instability in the closed-form
inverse. The Cholesky-based solver exhibits remarkable
insensitivity to A: across seven orders of magnitude (10~

to 10~1), Final PSNR varies by only 0.32 dB, confirming
extreme numerical stability.

5. Anchor Learnability: Table 10 isolates initialization
vs. dynamic adaptation. For natural images, Learnable Gaus-
sian initialization performs best, as natural image spectra are
generally broadband. However, the Spider-web initialization
is mathematically essential for physically structured wave

Table 6 Component ablation.
The closed-form solver provides

the primary fidelity leap

Table 7 Spider-web topology
(S rings). Evaluated at
M = 2048 fixed capacity

@ Springer

Variant Cold-start PSNR Final PSNR Time (s) Params
Al: Adam only (no solver) N/A 14.29 145.8 16,384
A2: + Closed-form solver 31.69 32.06 1768.5 16,384
A3: + TV & Ly 1 regs (full) 31.65 32.06 5159 16,384
Bold values indicate the best performance/results for the respective evaluation metrics

Rings S Anchors/ring Total M Cold PSNR Final PSNR Time (s)
2 1024 2048 16.20 18.28 10.0

4 512 2048 17.14 20.91 8.8

8 256 2048 19.29 23.21 8.8

16 (Default) 128 2048 23.77 25.68 8.8

32 64 2048 26.27 27.08 8.8

Bold values indicate the best performance/results for the respective evaluation metrics
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Table 8 Trade-off between

spectral capacity and Anchors M Params Cold PSNR Final PSNR Cold time Total time
computation time 256 512 14.36 14.42 0.06 s 045
512 1024 14.94 15.60 0.24's I.1s
1024 2048 16.41 19.80 0.83 s 28
2048 4096 26.39 2821 327s 8.8s
4096 (Default) 8192 30.55 30.84 13495 338s
8192 16384 31.72 31.93 23932 5116

Bold values indicate the best performance/results for the respective evaluation metrics

Table 9 Proving numerical stability of the solver.Ridge parameter (1)
sensitivity

A Cold-start PSNR Final PSNR Time (s)
le—7 30.63 30.73 30.8
le—5 30.54 30.82 30.7
le—3 30.49 30.97 30.7
le-2 (Default) 30.53 31.05 311
le—1 30.45 31.03 30.7

Bold values indicate the best performance/results for the respective eval-
uation metrics

fields. In both cases, learnable gradients provide measurable
benefits over fixed bases.

4.9 Extreme Cross-Domain Generalization:
Reconstructing Severely Degraded Topologies

To evaluate the absolute generalization limits of SDAL
in extreme out-of-distribution (OOD) visual domains, we
extend our evaluation to Ground Penetrating Radar (GPR)
subsurface B-scans (Dou et al., 2016). Unlike standard nat-
ural images, these raw signals are collected from highly
heterogeneous subsurface environments and are charac-
terized by severe physical degradations, including intense
signal attenuation in clay-heavy soils and massive surface-
to-air reflections. The primary visual topologies—hyperbolic
diffraction patterns generated by targets buried at varying
depths (0.1m to 0.7m)-are heavily entangled with dense
background clutter, posing the ultimate challenge for local-
ized feature extraction.

As illustrated in Fig. 7, SDAL demonstrates extraordinary
fidelity in reconstructing these severely degraded continu-
ous fields. Quantitatively, the framework achieves a stable
PSNR exceeding 35 dB (up to 36.15 dB) across diverse
samples (imgl-img5). More importantly, the explicit spec-
tral parameterization of our Spider-Web Topology allows
for the clear disentanglement of High-Frequency Info (e.g.,
localized target edges and hyperbolic vertices) and Low-
Frequency Info (e.g., large-scale intense background clutter),
as visualized in the third and fourth columns of Fig.7.

The magnified Absolute Error maps (x 10) confirm that our
analytical cold-start solver captures the sharp oscillatory sig-
natures of these complex targets with negligible residual
artifacts. This categorically validates SDAL not merely as
an image interpolator, but as an exceptionally robust repre-
sentation engine capable of recovering complex structural
topologies from the most severe noise regimes.

5 Discussion

The experimental results presented in Sect. 4 provide a com-
pelling validation of the SDAL framework. In this section,
we provide a deeper inquiry into the mechanistic origins of
these performance gains and discuss their broader implica-
tions for real-world continuous visual sensing and spatial
representation.

5.1 Beyond Memory: The Mechanism of Spectral
Disentanglement

Standard implicit neural representations, such as SIREN
or standard MLPs, primarily function as high-dimensional
interpolators that memorize spatial coordinates. Our findings
suggest that SDAL fundamentally transforms this paradigm.
By explicitly parameterizing the continuous field via a
Spider-Web Topology, the network projects spatial data onto
a pre-defined spectral manifold. The visualization of fea-
ture maps (Fig.3) and the spectral decomposition of GPR
B-scans (Fig.7) confirm that the latent space achieves a
near-perfect disentanglement. Crucially, this allows SDAL
to distinguish between localized structural signatures (e.g.,
hyperbolic vertices) and stochastic background textures, a
feat that is topologically intractable for conventional visual
architectures.

5.2 Decoupling Optimization: Explaining the
Analytical Cold-Start

One of the most striking observations is the analytical

cold-start phenomenon. By decoupling the basis learning
and weight solving, we eliminate the limiting “amplitude-
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fitting” burden. As shown in Table 4, this reduces the
time-to-convergence to a mere 0.82s. This instantaneous
convergence is especially vital for real-time processing of
severely degraded topologies, where SDAL can resolve com-
plex continuous spatial fields (PSNR > 35 dB) without the
thousands of Adam iterations required by SIREN.

5.3 Robustness as an Emergent Property of Spectral
Regularization

The extreme robustness observed under sparse sampling and
noise is an emergent property of our spectral priors. Unlike
Fourier Feature Networks (FFN), our multi-ring radial con-
straints act as a physically-aware filter bank. This intrinsic
regularization ensures that while high-frequency details are
captured, they are strictly bounded within valid spectral
support. As demonstrated in the img3 sample of our GPR
benchmark (Fig.7), SDAL effectively “hallucinates” the
missing structural coherence of hyperbolic reflections even
when obscured by intense horizontal ringing artifacts and
background clutter.

5.4 From Standard Visual Benchmarks to Extreme
Cross-Domain Generalization

The transition from standard natural image benchmarks to
extreme out-of-distribution hardware measurements (Dou et
al. (Dou et al., 2016)) underscores the significant poten-
tial of SDAL. In reconstructing severely degraded GPR
B-scans, where the visual topologies are corrupted by com-
plex background clutter, the ability to achieve high-fidelity
representation with minimal parameters (8,192 weights) is of
paramount importance. Our results indicate that the learned
spectral gate can effectively truncate structured interference,
yielding a significant improvement in the visual Signal-to-
Clutter Ratio (SCR). This validates that SDAL is not only
a superior continuous image interpolator but also a robust,
geometrically-aware representation engine for extreme real-
world sensing modalities.

5.5 SDAL vs. Hybrid Grid-Based Encodings (e.g.,
Instant-NGP)

Recent advancements notably use Hash Encodings (Instant-
NGP) for speed. However, for rigorous high-frequency fea-
ture extraction and continuous spatial modeling, this discrete
nature introduces severe visual aliasing. In stark contrast,
our SDAL framework preserves infinite-resolution querying
capabilities entirely within a purely continuous analytical for-
mulation. By anchoring the field in the spectral domain rather
than discrete grids, SDAL preserves strict scale-invariance
and avoids the memory-bound failures inherent in multi-
resolution hash tables.

5.6 Constraints and Future Work

Currently, the anchor dictionary size M is fixed. Future
research could explore dynamic spectral pruning to achieve
even higher compression. Furthermore, extending SDAL
to higher-dimensional spatio-temporal continuums would
be a significant step toward modeling complex transient
dynamics, such as 4D dynamic scene reconstruction or
non-stationary continuous visual fields in highly degraded
environments.

5.7 Limitations and Scope of Theoretical Guarantees

While Theorem 1 provides rigorous convergence guaran-
tees under ideal conditions, practical deployments operate
under finite resources. We acknowledge the following lim-
itations. First, regarding the finite anchor budget, with K =
4096 anchors, the reconstruction error follows an approxima-
tion bound yielding approximately 1.5% residual error, not
the zero error suggested by asymptotic theory. Second, Theo-
rem 1 assumes compact spectral support, whereas real images
contain sharp edges with infinite bandwidth. SDAL approxi-
mates such signals within the effective bandwidth by treating
frequencies beyond the maximum as negligible. Third, com-
putational scaling constraints limit K to approximately 8192
on consumer GPUs due to the closed-form solver’s com-
plexity. Scenes requiring more than 10,000 anchors would
need distributed solvers or hierarchical anchor refinement.
Fourth, hyperparameter sensitivity remains a practical con-
cern: the frequency range must be estimated from data or

Table 10 Comparing fixed
features vs. gradient-updated

anchors

Configuration Cold PSNR Final PSNR Time (s)
Fixed (Gaussian init, no grad) 26.86 26.86 3.48
Fixed (Spider-web init, no grad) 23.77 23.77 3.58
Learnable Gaussian init + grad 24.28 27.43 9.02
Learnable Spider-web init + grad 23.77 25.68 9.08

Bold values indicate the best performance/results for the respective evaluation metrics
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Ground Truth Ours (SDAL)

PSNR: 35.51dB

PSNR: 35.67dB
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36.15dB

PSNR: 35.44dB

Fig. 7 Qualitative and quantitative evaluation on real-world severely
degraded topologies (GPR B-scans, imgl—img5). The SDAL frame-
work achieves high-fidelity reconstruction (PSNR > 35 dB) via its
analytical cold-start solver. Columns 3 and 4 visually demonstrate the
framework’s unique Spectral Disentanglement capability, effectively

set conservatively, as underestimating the maximum fre-
quency causes high-frequency loss while overestimating
wastes anchor capacity. Finally, regarding the scope of our
scale-robustness claims, these are validated empirically on
Urban100 and theoretically under limiting conditions. We
do not claim strict scale-invariance under all finite-sample,
noisy, non-band-limited scenarios. Rather, SDAL exhibits
improved scale robustness compared to gradient-based meth-
ods.

High-Freq Info

Low-Freq Info Absolute Error (x10)

isolating high-frequency hyperbolic diffraction patterns from intense
low-frequency background clutter. The residual maps (Absolute Error
% 10) highlight the precision of our method in resolving sharp oscilla-
tory visual features with minimal error in real-world extremes

6 Conclusion

In this work, we presented the SDAL framework, introducing
a spectral-domain parameterization approach for continuous
neural fields. By transitioning from localized spatial-domain
gradient descent to explicit spectral-domain parameteriza-
tion, SDAL addresses the spectral bias inherent to standard
coordinate-based visual networks.
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We established that our Multi-Ring Spectral Constraint—
conceptually defined as the Spider-Web Topology—acts
as a geometrically-aware, adaptive filter bank. This struc-
tural regularization mathematically enables improved scale
robustness and significantly reduced aliasing across diverse
topological domains. Furthermore, our proposed Alternating
Optimization Strategy addresses the slow-convergence bot-
tleneck that has limited implicit neural representations. By
decoupling the highly non-convex spatial learning problem
and resolving the linear projection weights via a closed-form
analytical solver, our model achieves a zero-iteration cold-
start capability. It achieves high visual fidelity at network
initialization, while simultaneously reducing the trainable
parameter space by over an order of magnitude compared
to conventional SIREN architectures.

Rigorous empirical evaluations across highly oscilla-
tory continuous spatial fields, real-world severely degraded
topologies (GPR), and complex natural visual domains cor-
roborated our theoretical assertions. Notably, on extreme
cross-domain GPR benchmarks (Dou et al., 2016) char-
acterized by heterogeneous continuous environments and
structural targets hidden at diverse scales (0.1m—0.7m),
SDAL demonstrated a superior capacity to disentangle
localized high-frequency hyperbolic signatures from intense
low-frequency background clutter and severe signal degra-
dation, achieving a high-fidelity reconstruction (PSNR > 35
dB) without the need for iterative fine-tuning. The framework
consistently demonstrated optimal spectral disentanglement—
simultaneously resolving rigid periodic boundaries and
chaotic stochastic textures without succumbing to the high-
frequency speckle oscillations or topological blurring that
critically compromise baseline models.

Ultimately, this research elevates implicit neural repre-
sentations from mere spatial interpolators to robust, geo-
metrically regularized solvers. By bridging the gap between
deep representation learning and rigorous signal process-
ing in continuous visual sensing, the SDAL framework lays
a highly scalable foundation for next-generation Al-driven
spatial representation. Looking forward, we envision extend-
ing this paradigm to higher-dimensional spatio-temporal
continuums and non-stationary dynamic visual fields. We
aim to explore the capture of complex transient dynamics in
high-dimensional manifolds, further consolidating SDAL as
a computationally efficient and mathematically interpretable
engine for large-scale computer vision and continuous spatial
learning.
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