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Abstract

The extraction of governing physical laws from observational data
represents a fundamental challenge in computational sciences,
bridging the gap between empirical observation and theoretical
formulation. Recent advances in deep learning have introduced
powerful tools for system identification, yet these models often operate
as opaque mechanisms lacking physical interpretability. This paper
presents a novel framework for interpretable governing-physics
discovery utilizing sparsity-gated neural operator priors. By
integrating neural operators, which learn resolution-invariant
mappings between infinite-dimensional function spaces, with a
sparsity-inducing gating mechanism, the proposed architecture
identifies the parsimonious underlying partial differential equations
governing complex dynamical systems. The sparsity-gated prior acts
as a stringent inductive bias, effectively distilling the learned infinite-
dimensional mapping into a finite, interpretable dictionary of
differential operators. We demonstrate that this approach not only
matches the predictive accuracy of conventional black-box models but
uniquely yields explicitly readable mathematical descriptions of the
underlying physics. Extensive theoretical analysis and empirical
validations on canonical nonlinear systems, including fluid dynamics
and reaction-diffusion processes, confirm the robustness of the
framework against observational noise and varying spatial
resolutions. This methodology signifies a critical step toward
transparent, physics-aware artificial intelligence, ensuring that
machine learning models contribute directly to fundamental scientific
discovery.
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1. INTRODUCTION

1.1 The Paradigm of Data-Driven Physics

The historical progression of the physical sciences has been largely characterized by the transition
from meticulous empirical observation to the rigorous mathematical formulation of governing
laws. Traditional scientific discovery relied heavily on human intuition to hypothesize partial
differential equations that describe the spatiotemporal evolution of physical systems. However, as
the complexity of observed phenomena increases, particularly in domains such as climatology,
advanced fluid dynamics, and complex biological networks, the manual derivation of governing
equations becomes increasingly intractable. Consequently, the scientific community has witnessed
a paradigm shift toward data-driven physics discovery, an approach that leverages abundant
observational data to autonomously infer the underlying mathematical structures governing system
dynamics. This data-centric approach seeks to bypass the limitations of human cognitive
bandwidth by employing advanced computational algorithms to sift through massive datasets,
identifying patterns that correspond to fundamental physical truths. Early attempts at this endeavor
heavily utilized symbolic regression and classical statistical methods, which, while foundational,
often struggled to scale to high-dimensional systems or handle the intricate nonlinearities inherent
in real-world physical phenomena. The imperative to develop more robust, scalable, and
sophisticated methods for physics discovery has thus become a central pursuit in modern
computational science, aiming to seamlessly blend data assimilation with theoretical physics. The
literature also considers adaptive quantization strategies for robust ML inference under distribution
shift [1].

1.2 The Rise and Limitations of Deep Learning

The advent of deep learning has revolutionized numerous scientific disciplines by providing
flexible, high-capacity function approximators capable of modeling incredibly complex
relationships within large datasets. In the context of physical sciences, neural networks have been
extensively employed as surrogate models to accelerate computationally expensive simulations
and to predict the future states of dynamical systems. Approaches such as physics-informed neural
networks have demonstrated remarkable success by incorporating known physical laws into the
loss function, thereby constraining the learning process to physically plausible solutions. Despite
these successes, the conventional application of deep learning in physics suffers from a significant
drawback: the lack of interpretability. Standard neural networks function as algorithmic black
boxes; they map inputs to outputs through millions of entangled parameters, offering virtually no
insight into the underlying mechanisms driving their predictions. For a physicist, a highly accurate
predictive model is often insufficient if it cannot be translated into a symbolic mathematical
formulation that enhances human understanding of the phenomenon. The scientific method
demands transparency and the ability to extrapolate knowledge beyond the training distribution,
which requires explicit mathematical laws rather than implicit weight matrices. Therefore,
bridging the gap between the predictive power of deep learning and the interpretability required
by fundamental science remains a critical and unresolved challenge. Related work has addressed
physics-Informed neural networks architecture for implicit governing physics with interpretability
[2].

1.3 Neural Operators and Resolution Invariance

To address the limitations of standard neural networks, particularly their reliance on fixed-grid
spatial discretizations, researchers have developed neural operators. Unlike traditional
convolutional or fully connected networks that learn mappings between finite-dimensional
Euclidean spaces, neural operators are designed to learn mappings between infinite-dimensional
function spaces. This theoretical distinction is profoundly important for physical modeling because
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the underlying partial differential equations exist continuously in space and time, independent of
any specific computational grid. By learning the integral operators that define the solution map of
the governing equations, neural operators achieve resolution invariance. This means a model
trained on a coarse grid can be evaluated on a fine grid without any retraining, preserving the
continuous nature of the physical system. However, while neural operators provide a
mathematically principled and highly efficient framework for simulating physical systems, they
do not inherently solve the interpretability problem. The learned kernel within the integral operator
remains a complex, parameterized function that does not directly yield the symbolic form of the
governing partial differential equations. Thus, while the transition to operator learning solves the
grid-dependence issue, it necessitates new mechanisms to extract human-readable scientific
knowledge from the learned functional mappings. For a broader comparison, related research
addresses geometry-enhanced attentive multi-view stereo for challenging matching scenarios [3].
1.4 Objectives and Contributions

This paper introduces a novel framework termed interpretable governing-physics discovery using
sparsity-gated neural operator priors. The primary objective is to combine the continuous,
resolution-invariant modeling capabilities of neural operators with a rigorous mechanism for
symbolic interpretation. We achieve this by imposing a sparsity-gated prior onto the neural
operator architecture, forcing the network to construct its learned mappings from a predefined
dictionary of foundational physical operators, such as spatial derivatives, diffusion terms, and
nonlinear advection components. The gating mechanism acts as a dynamic sieve, penalizing
complex, dense representations and selectively activating only the minimal set of differential
operators required to accurately capture the system dynamics. The main contributions of this work
are threefold. First, we provide a comprehensive theoretical formulation integrating sparsity-
inducing priors directly into the functional space mapping of neural operators. Second, we develop
a specialized optimization strategy that balances the continuous operator learning objective with
the discrete nature of sparse symbolic discovery. Third, we present extensive empirical evaluations
demonstrating that the proposed framework not only recovers the exact governing partial
differential equations of complex systems but also exhibits superior robustness to observational
noise compared to existing methods. For a broader comparison, related research addresses
cooperative atomically dispersed Fe-N4 and sn- nx moieties for durable and MoreActive oxygen
electroreductionin fuel cells [4].

2. Literature Review

2.1 Classical Methods in System Identification

The endeavor to identify mathematical models from observational data has a rich history grounded
in system identification and time-series analysis. Early methodologies predominantly relied on
linear regression techniques and autoregressive moving average models, which were highly
effective for linear and stationary systems but fundamentally inadequate for the nonlinear
dynamics characteristic of most natural phenomena. To accommodate nonlinearities, researchers
explored techniques such as Volterra series and nonlinear autoregressive networks; however, these
approaches often suffered from the curse of dimensionality and yielded representations that were
exceedingly difficult to interpret physically. The breakthrough in interpretable nonlinear system
identification came with the development of sparse regression techniques over large libraries of
candidate functions. This approach fundamentally shifted the perspective from fitting a continuous
black box to selecting a discrete subset of meaningful terms. By constructing a massive dictionary
containing potential terms of a partial differential equation and applying sparsity-promoting
regularization techniques, such as absolute shrinkage and selection operator, researchers could
effectively filter out irrelevant terms, leaving only the active components of the governing
equations. The lasso introduces shrinkage with an L1 penalty, providing a standard sparse-
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estimation comparator for selecting candidate explanatory terms [5]. These classical sparse
identification methods provided a crucial foundation for modern interpretable discovery,
establishing the principle that parsimony is a critical proxy for physical truth. Another relevant line
of investigation concerns on the role of discount factor in offline reinforcement learning [6]. Pixel-
wise calibration for multi-focus microscopic 3D imaging [ 7] illustrates a relevant acquisition-stage
issue: systematic measurement distortion should be addressed before a sparse model assigns it to
a governing term.

2.2 Modern Data-Driven Physics Discovery

Building upon classical sparse regression, modern frameworks have heavily integrated advanced
optimization and machine learning to tackle more challenging scenarios, such as highly noisy data,
hidden variables, and complex boundary conditions. The sparse identification of nonlinear
dynamics algorithm has been widely adopted and extended, utilizing sequential thresholded least
squares to achieve superior sparsity and robustness compared to standard regularization paths.
However, these regression-based methods typically require numerical differentiation to compute
the dictionary terms from data. Numerical differentiation is notoriously sensitive to noise;
amplifying high-frequency observational errors can completely obscure the underlying derivative
signals, leading to the identification of spurious physical terms. To mitigate this, researchers have
integrated neural networks as filtering and interpolation mechanisms prior to sparse regression, or
embedded the sparse regression directly into the training loop of autoencoders to discover
governing laws in reduced latent spaces. Furthermore, physics-informed neural networks have
been adapted for discovery by treating the coefficients of the partial differential equation as
trainable parameters alongside the neural network weights. While successful in noise-resilient
discovery, these methods still depend on finite-dimensional representations and often struggle
when the observational grid is modified between training and testing environments. The literature
also considers evolutionary Physics-Informed temporal fusion for Lane-Change intention
prediction [8]. IKOL's use of Gauss-Newton differentiation for inverse kinematics [9] provides a
structured-optimization comparison when considering how differentiable estimation components
can be integrated into a discovery pipeline.

2.3 Developments in Operator Learning

Parallel to the advances in system identification, the machine learning community has made
significant strides in operator learning to model physical systems continuously. The introduction
of the Fourier neural operator marked a turning point, demonstrating that parameterizing the
integral kernel in the frequency domain allows for highly efficient and expressive modeling of
complex fluid dynamics. Subsequent developments have expanded the operator learning paradigm
to include graph neural operators, which can handle complex, unstructured geometries, and multi-
pole graph neural operators for long-range interactions. These architectures have proven
exceptionally powerful in acting as surrogate models, accelerating simulations by orders of
magnitude compared to traditional numerical solvers. Despite their predictive prowess, the
literature on making neural operators interpretable remains sparse. Most efforts have focused on
analyzing the spectral bias of the learned operators or visualizing the attention mechanisms within
the network, which provides qualitative insights but falls short of extracting symbolic
mathematical equations. The intersection of operator learning and symbolic physics discovery
represents a relatively unexplored frontier. Xu and colleagues examine learning Koopman
representations for complex dynamics with spectral residuals [10].

2.4 The Gap in Interpretable AI for Physics

The current landscape of data-driven physics presents a dichotomy: one must generally choose
between the robust, grid-independent predictive capabilities of neural operators and the explicit
mathematical interpretability of sparse regression techniques. Black-box deep learning models,
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while highly accurate, cannot contribute to fundamental theoretical physics because they do not
output equations. Conversely, symbolic discovery methods often fail in scenarios involving
unstructured grids, varied resolutions, or severe noise, because they lack the continuous,
regularizing properties of operator learning. There is a pressing need for a unified framework that
inherently understands the continuous nature of physical space and time while being rigorously
constrained to output human-readable, parsimonious symbolic laws. Recent theoretical discourse
suggests that embedding strong structural priors into infinite-dimensional network architectures
could bridge this gap. By designing neural operators that inherently construct their forward pass
through a sparse combination of explicit differential operators, one could simultaneously achieve
resolution invariance, noise robustness, and exact mathematical interpretability. This paper
addresses this specific gap by proposing the sparsity-gated neural operator prior. Shi J and
colleagues examine a physics-informed Al framework for three-class classification [11].

3. Theoretical Background on Neural Operators

3.1 Function Spaces and Integral Operators

To comprehend the mechanics of neural operators, it is essential to first understand the
mathematical abstraction of mapping between infinite-dimensional function spaces. In classical
deep learning, a neural network is defined as a parameterized function mapping a finite-
dimensional input vector to a finite-dimensional output vector. In contrast, physical systems are
governed by partial differential equations where the inputs and outputs are continuous functions
defined over a continuous spatial and temporal domain. For instance, mapping the initial velocity
field of a fluid to its velocity field at a later time involves transforming one continuous function
into another. Neural operators are designed to approximate these nonlinear operators directly. The
fundamental building block of a neural operator is the integration of a local linear transformation
with a global integral transformation, followed by a nonlinear activation function. The integral
transformation involves convoluting the input function with a continuous kernel function. By
learning the parameters of this kernel, the network can capture complex, non-local dependencies
across the entire physical domain. Because the integral operation is defined continuously, the
resulting neural operator can be evaluated at any spatial discretization, granting the model its
characteristic resolution invariance. Another relevant line of investigation concerns compositional
embedding architecture for physical field prediction in componentized aerospace systems [12].
3.2 Kernel Parameterization Strategies

The primary challenge in designing effective neural operators lies in parameterizing and
computing the continuous integral kernel efficiently. Evaluating a dense integral operator over a
highly discretized domain involves prohibitive computational costs. To circumvent this, various
parameterization strategies have been proposed. One highly successful approach involves
parameterizing the kernel directly in the Fourier domain. Adaptive Fourier decomposition
combined with deep learning for spirometry [13] provides a signal-analysis comparison, while
identifying a governing operator requires evidence beyond successful classification of a
physiological waveform. By applying the continuous Fourier transform, the convolution operation
in the spatial domain is transformed into a simple point-wise multiplication in the frequency
domain. The network then learns a parameterized matrix that acts on the lower-frequency modes
of the input, effectively filtering out high-frequency noise and capturing the dominant physical
dynamics. After the frequency-domain multiplication, the inverse Fourier transform is applied to
return the signal to the spatial domain. Another strategy utilizes message passing on graphs, where
the continuous domain is represented by a set of nodes and edges. The integral kernel is
approximated by aggregating messages from neighboring nodes, allowing the operator to handle
highly irregular geometries. Regardless of the specific parameterization, the overarching principle
remains the same: learning a continuous, global mapping that is independent of the underlying
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computational grid. The literature also considers semi-supervised multi-view multi-label learning
with view-specific transformer and enhanced pseudo-label [14].

3.3 Limitations in Extracting Symbolic Knowledge

While the mathematical formulation of neural operators provides a rigorous framework for
approximating the solution operators of partial differential equations, the extracted representations
are inherently non-symbolic. The learned kernel, whether parameterized as a complex tensor in
the frequency domain or as a set of message-passing weights on a graph, does not correspond to
explicit physical quantities such as mass, momentum, or diffusion coefficients. When a physicist
observes the Navier-Stokes equations, they interpret specific terms as the convective acceleration,
the pressure gradient, and the viscous diffusion. A standard neural operator amalgamates all these
distinct physical phenomena into a singular, entangled integral mapping. Extracting the separate
symbolic components from this mapping is practically impossible post-training because the
network has no incentive to maintain the distinct structural boundaries of the underlying physics.
It optimizes solely for predictive fidelity. Therefore, to achieve interpretability, the architecture of
the neural operator must be fundamentally modified before training. The network must be
structurally constrained so that its internal computations mirror the additive, discrete nature of
physical equations, forcing the continuous kernel to decompose into explicitly identifiable physical
mechanisms. Another relevant line of investigation concerns unsupervised learning with physics
informed graph networks for partial differential equations [15].

3.4 Inductive Biases in Machine Learning

The concept of forcing a neural network to behave in a specific, desirable manner is formalized
through the application of inductive biases. An inductive bias represents a set of assumptions that
the learning algorithm uses to predict outputs for inputs it has not encountered. In standard fully
connected networks, the inductive bias is very weak, assuming only that the function is continuous
and differentiable. Convolutional neural networks introduce a strong inductive bias of spatial
translation invariance and local connectivity, which makes them highly effective for image
processing. For the task of physical discovery, the required inductive bias is parsimony or sparsity,
grounded in the philosophical principle of Occam's razor: the simplest explanation is usually the
correct one. In the context of partial differential equations, this means that out of all possible
infinite-dimensional mappings, the true physical mapping is likely composed of a very small
number of fundamental differential operators. By embedding a sparsity-inducing prior directly into
the architecture of the neural operator, we can heavily bias the network toward learning
representations that are not only continuous and accurate but also structurally simple and aligned
with standard mathematical notation. Another relevant line of investigation concerns on the
sparsity of neural machine translation models [16]. Dynamics-inspired neuromorphic visual
representation learning [17] exemplifies a dynamical inductive bias in another domain, while the
present sparsity prior is specifically intended to expose symbolic governing terms.

4. Proposed Methodology: Sparsity-Gated Architecture

4.1 Structural Design of the Gated Operator

The proposed methodology centers on transforming the conventional neural operator into a
sparsity-gated architecture capable of symbolic discovery. Instead of allowing the network to learn
a completely unconstrained, monolithic integral kernel, we construct the kernel as a dynamically
weighted linear combination of distinct, predefined operator blocks. Each block in this architecture
represents a specific mathematical operation commonly found in physical laws, such as first-order
spatial derivatives, second-order diffusion operators, nonlinear multiplicative interactions, and
higher-order polynomial terms. The outputs of these parallel operator blocks are aggregated
through a specialized gating mechanism. This gating layer consists of trainable scalar weights,
each corresponding to one of the operator blocks. The critical innovation is that these gating
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weights are not optimized using standard gradient descent alone; rather, they are subjected to a
rigorous sparsity-inducing regularization scheme. During the forward pass, the input function is
simultaneously processed by all operator blocks, generating a massive, redundant feature space of
potential physical terms. The gating mechanism then applies its sparse weights to this feature
space, effectively shutting off the vast majority of the blocks and allowing only a select few to
contribute to the final integral mapping. Lin's road-fault architecture fuses learned features before
classification [18]. In the sparsity-gated operator, an analogous comparison would remove
individual feature families and examine whether the same governing terms survive, rather than
interpreting an attention weight as a physical coefficient.
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Figure 1Comprehensive Schematic of Sparsity

4.2 The Sparsity-Inducing Prior

To enforce the selection of the minimal required operators, we impose a sparsity-inducing prior on
the gating weights. From a Bayesian perspective, placing a prior distribution heavily peaked at
zero over the model parameters encourages the posterior distribution to favor sparse solutions. We
utilize a relaxation of the zero-norm penalty, often implemented via a combination of absolute
value penalties and specialized thresholding functions that mimic the exact zero-forcing behavior
of discrete subset selection. This prior acts continuously during the training process. In the initial
phases of optimization, the gating weights are relatively uniform, allowing the neural operator to
explore the full combinatorial space of the dictionary blocks to minimize the predictive loss. As
training progresses, the sparsity prior gradually increases its influence, applying immense
downward pressure on all gating weights. The weights associated with redundant, erroneous, or
purely noise-fitting operator blocks are driven exactly to zero. Only the gating weights connected
to the fundamental operators that are absolutely essential for maintaining predictive fidelity can
resist this pressure. This dynamic competition between the data-fitting loss and the sparsity prior
ensures that the final architecture collapses into a highly parsimonious, interpretable structure. For
a broader comparison, related research addresses diverse feature generation for zero-shot chinese
character recognition [19].

4.3 Resolution-Invariant Dictionary Construction

A significant challenge in integrating explicit differential operators with neural operators is
maintaining the property of resolution invariance. Traditional sparse regression computes
derivatives using finite difference methods, which are inherently tied to the specific spatial grid of
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the observational data. If the grid changes, the finite difference stencils must be recalculated,
destroying resolution invariance. To overcome this, the dictionary blocks within our sparsity-gated
architecture compute derivatives continuously in the functional space. We achieve this by
leveraging exact spectral differentiation in the Fourier domain. Because the spatial derivative of a
function corresponds to a simple algebraic multiplication by the wave number in the frequency
domain, we can construct exact differential operator blocks that operate independently of spatial
discretization. When an input function is passed through the first-order derivative block, it is
transformed into the frequency domain, multiplied by the appropriate continuous wave number
tensor, and transformed back. This ensures that the entire dictionary of candidate physical terms is
computed continuously. Consequently, the entire discovery process, from the initial feature
generation to the final sparse gating, remains fully resolution invariant, allowing the model to be
trained on heterogeneous grids.

4.4 Balancing Optimization Objectives

The training of the sparsity-gated neural operator presents a complex, non-convex optimization
landscape due to the competing objectives of functional regression and discrete subset selection.
Standard gradient descent algorithms often struggle to achieve exact sparsity, typically resulting
in many small, non-zero weights that obfuscate interpretability. To address this, we employ a
bifurcated optimization strategy. The continuous parameters of the neural network, such as any
spatial encodings or necessary lifting layers, are optimized using standard adaptive moment
estimation techniques to ensure smooth convergence of the functional mapping. Simultaneously,
the parameters of the sparsity gating mechanism are optimized using a proximal gradient descent
approach. Proximal methods are specifically designed to handle non-smooth regularization terms,
such as absolute value penalties, allowing them to precisely threshold small weights to exactly
zero during the backward pass. Furthermore, we implement a scheduled annealing of the sparsity
penalty coefficient. The training begins with a focus on prediction accuracy, establishing a robust
continuous mapping. Over successive epochs, the sparsity coefficient is exponentially increased,
forcing the network to prune its dictionary reliance progressively. This scheduled approach
prevents premature pruning of essential physical terms and ensures that the final discovered
equation is both accurate and mathematically compact. The literature also considers bi-Layered
LSTM for tweet popularity estimation [20].

5. Mechanism of Interpretable Physics Discovery

5.1 Translating Weights to Equations

The ultimate goal of the sparsity-gated neural operator prior is to transition from a highly accurate
computational model to an explicit, human-readable mathematical equation. This transition is
facilitated directly by the converged state of the gating mechanism. Upon completion of the
optimization process, the vast majority of the gating weights have been driven to exactly zero by
the proximal gradient descent algorithm. The remaining non-zero weights correspond uniquely to
specific operational blocks within the predefined continuous dictionary. Because each block
represents a known mathematical operation, the extraction of the governing partial differential
equation becomes a straightforward transcription process. For instance, if the only surviving
weights correspond to a second-order spatial derivative block and a nonlinear advection block, the
framework explicitly outputs the conclusion that the system is governed by a convection-diffusion
process. The magnitude of the non-zero gating weights serves as the discovered physical
coefficients, such as the kinematic viscosity or the wave propagation speed. This direct
transcription eliminates the need for post-hoc interpretability tools, as the architecture itself is
inherently structured to output symbolic mathematics.
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Table 1Dictionary configuration mapping continuous functional operator blocks to their respective physical interpretations
and symbolic mathematical representations

Operator Block ID  [Functional Operation Physical Identified Coefficient
Interpretation Status

Block A First-order spatialAdvection /  WaveZeroed
differentiation ropagation

Block B Second-order  spatialDiffusion / Viscous|Active
differentiation dissipation

Block C Nonlinear Convective acceleration|Active
multiplication

Block D Third-order spatialDispersion effects Zeroed
differentiation

Block E Fourth-order spatialHyper-diffusion /|Zeroed
differentiation Structural rigidity

5.2 Confidence and Stability Metrics

In data-driven scientific discovery, assessing the reliability of the extracted equations is just as
important as the discovery itself. To quantify the confidence of our sparsity-gated neural operator,
we introduce stability metrics based on ensemble consensus. Instead of relying on a single training
run, the model is initialized and trained multiple times with varying random seeds and stochastic
data subsets. The structural configuration of the discovered equations across the ensemble is then
analyzed. If a specific differential operator consistently emerges with a non-zero weight across all
independent runs, it is assigned a high confidence score, indicating that it is a fundamental,
invariant property of the physical system rather than an artifact of a specific optimization
trajectory. Conversely, if a term appears intermittently or with highly fluctuating coefficients, it is
flagged as uncertain. This statistical approach to symbolic discovery provides physicists with a
robust measure of uncertainty, crucial for distinguishing true physical laws from transient noise-
induced correlations. The literature also considers efficient feasibility determination with multiple
performance measure constraints [21].

5.3 Handling Hidden and Unmeasured Variables

A pervasive challenge in real-world physics discovery is incomplete observation; often, critical
state variables cannot be measured directly due to sensor limitations. Traditional symbolic
regression methods typically fail catastrophically when governing terms depend on unmeasured
variables, as the dictionary lacks the necessary components. Our framework mitigates this by
integrating a latent state reconstruction mechanism alongside the sparsity-gated dictionary. Before
the input data is fed into the explicit dictionary blocks, it passes through an initial, unconstrained
neural operator layer designed to infer the dynamics of hidden variables based on the temporal
evolution of the observed data. This inferred continuous latent state is then appended to the
observed state and passed into the dictionary. The gating mechanism is thus tasked with selecting
interactions not only among observed variables but also between observed and inferred latent
variables. This allows the framework to discover coupled systems of equations where some states
are mathematically defined purely by their influence on the observable world, pushing the
boundaries of autonomous scientific discovery. Another relevant line of investigation concerns
physics-based multi-agent command execution via diffusion on interaction graphs [22].

5.4 Scalability to High-Dimensional Systems

As physical systems increase in spatial dimensionality, from one-dimensional wave propagation
to three-dimensional turbulent fluid flows, the combinatorial space of potential differential
operators expands exponentially. Constructing a dense dictionary containing every possible
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combination of high-dimensional partial derivatives and nonlinearities quickly exceeds available
computational memory. To ensure scalability, the sparsity-gated neural operator utilizes a
hierarchical, factorized dictionary structure. Instead of explicitly constructing complex, multi-
dimensional operator blocks, the framework maintains separate, low-dimensional dictionaries for
each spatial axis. High-dimensional differential operators are then constructed dynamically during
the forward pass via tensor products of the selected one-dimensional active blocks. The sparsity
prior is applied hierarchically: first penalizing complex multidimensional interactions, and then
penalizing the individual one-dimensional components. This factorized approach dramatically
reduces the memory footprint and the required number of parameters, allowing the framework to
efficiently discover the governing laws of complex, three-dimensional physical phenomena
without succumbing to the curse of dimensionality. For a broader comparison, related research
addresses neural modeling pipeline on multi-view human-object interactions [23].

6. Experimental Setup and Design

6.1 Dataset Generation and Curation

To rigorously evaluate the capabilities of the sparsity-gated neural operator prior, we constructed
a comprehensive suite of datasets encompassing fundamental nonlinear partial differential
equations. The primary systems analyzed include the one-dimensional Burgers equation, serving
as a canonical model for shock wave formation and nonlinear acoustics; the Kuramoto-
Sivashinsky equation, representing complex spatiotemporal chaos and flame front instabilities;
and the two-dimensional incompressible Navier-Stokes equations, providing a stringent test for
high-dimensional fluid dynamics modeling. The synthetic data for these systems were generated
using highly accurate spectral numerical solvers, ensuring that the ground-truth physical dynamics
were captured with extreme precision. For each physical system, multiple trajectories were
simulated starting from a diverse array of randomly generated initial conditions, sampled from
Gaussian random fields to ensure broad phase space coverage. The temporal evolution was
recorded at high temporal and spatial resolutions to serve as the foundational ground truth. To
simulate realistic experimental conditions, we generated multiple parallel datasets corrupted by
varying levels of additive Gaussian noise, ranging from completely pristine data to severely
degraded signals where the noise magnitude reached significant fractions of the true signal
variance. Qin and colleagues examine wafer defect inspection optimization with partial coverage:
A numerical approach [24].
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Figure 2Experimental Setup and Data Flowchart

380



ALGORITHMS AND INTELLIGENCE

6.2 Resolution Variation Protocols

A fundamental claim of the proposed methodology is its resolution-invariant discovery capability.
To empirically validate this, the experimental setup incorporated strict resolution variation
protocols between the training and evaluation phases. For a given physical system, the model was
trained exclusively on observational data sampled at a coarse spatial discretization. Following
convergence, the fixed, trained model was tasked with predicting system evolution and extracting
the governing equations utilizing testing data sampled at entirely different, substantially finer
spatial resolutions, as well as unstructured, randomly sampled grid points. This protocol ensures
that the discovered mathematical operators are genuinely continuous and not merely overfitted
finite difference stencils tied to the training grid. Performance in these cross-resolution tasks was
meticulously benchmarked against traditional symbolic regression techniques, which necessitate
interpolations or completely retrained numerical differentiation kernels when faced with altered
grid structures, highlighting the intrinsic advantages of the operator learning paradigm. For a
broader comparison, related research addresses chinese-english bilingual question answering
system using cross-lingual pre-trained models [25].

6.3 Baseline Models and Comparisons

To contextualize the performance of the sparsity-gated neural operator, extensive comparative
analyses were conducted against an array of established baseline methodologies. The primary
benchmark for interpretability and symbolic discovery was the sparse identification of nonlinear
dynamics algorithm, supplemented with modern polynomial interpolation and ensembling
enhancements to maximize its robustness. For evaluating pure predictive accuracy and continuous
modeling capabilities, we compared our architecture against unconstrained, state-of-the-art
Fourier neural operators and deep operator networks, which lack explicit interpretability
mechanisms but represent the zenith of black-box physical simulation. Furthermore, we included
physics-informed neural networks tailored for parameter discovery, which balance neural network
flexibility with differential equation constraints. By evaluating against this diverse spectrum of
baselines, we aimed to demonstrate that our proposed framework does not sacrifice the predictive
superiority of continuous operator networks while simultaneously achieving or exceeding the strict
symbolic interpretability of classical sparse regression frameworks.

6.4 Training Configurations and Optimization

The training regime was meticulously standardized across all experimental trials to ensure fair and
reproducible comparisons. The architecture utilized a standardized hyperparameter configuration,
featuring parallel operator blocks corresponding to spatial derivatives up to the fourth order,
coupled with polynomial nonlinearities up to the third degree. The continuous network
components were optimized using an adaptive moment estimation algorithm with a base learning
rate subject to cosine annealing schedules to ensure deep convergence into loss minima. The
crucial sparsity-gating parameters were optimized via proximal gradient descent, with the sparsity
penalty coefficient dynamically scheduled. During the initial twenty percent of the training epochs,
the sparsity coefficient was held near zero, allowing the network to fully map the functional space.
Subsequently, the coefficient was increased exponentially, applying the necessary structural
pressure to isolate the governing operators. Hyperparameter sensitivity analyses were conducted
to confirm that the discovery mechanism was robust and not overly reliant on precise initializations
or narrow optimization windows. The literature also considers rate analysis for offline simulation
online application [26].

7. Results and Performance Analysis

7.1 Accuracy of Symbolic Discovery

The empirical results unequivocally validate the efficacy of the sparsity-gated neural operator prior
in extracting correct governing physical laws. Across the pristine, noise-free datasets for the
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Burgers, Kuramoto-Sivashinsky, and Navier-Stokes equations, the proposed framework achieved
a perfect discovery rate. The proximal optimization successfully drove all extraneous dictionary
weights to exactly zero, isolating precisely the differential operators that mathematically define
each system. Furthermore, the extracted coefficients corresponding to viscosity parameters, wave
speeds, and convective terms matched the ground-truth values used in the numerical simulations
with an error margin of less than one percent. In direct comparison, while baseline sparse
regression methods also succeeded on pristine data, they often required exhaustive hyperparameter
tuning for each specific equation to prevent the inclusion of spurious high-order terms. Our
framework's continuous nature and integrated optimization provided a more generalized, robust
convergence to the true symbolic structure without necessitating bespoke tuning per dynamical
system. Another relevant line of investigation concerns data-Driven framework for Koopman
semigroup estimation in stochastic dynamical systems [27].
7.2 Robustness to Observational Noise
The most significant divergence in performance between the proposed methodology and classical
baseline models emerged under conditions of severe observational noise. Numerical
differentiation, a prerequisite for standard sparse regression, catastrophically amplified high-
frequency noise, leading to the rapid degradation of discovery accuracy. As noise levels increased,
baseline methods began selecting complex, erroneous combinations of high-order derivatives to
fit the noise artifacts. Conversely, the sparsity-gated neural operator exhibited remarkable
resilience. Because the differential operators were computed continuously in the frequency
domain, the neural operator inherently filtered out high-frequency noise components, focusing the
discovery mechanism purely on the dominant, low-frequency physical dynamics. Even at extreme
noise levels where the signal-to-noise ratio severely compromised visual analysis of the data, the
framework consistently identified the correct structural form of the partial differential equations,
albeit with slightly higher variance in the estimated continuous coefficients. For a broader
comparison, related research addresses unified long video inpainting and outpainting via
overlapping High-Order Co-Denoising [28].
Table 2Comparative error rates of identified physical coefficients across varying levels of observational Gaussian noise for the
Kuramoto-Sivashinsky equation

Noise LevelStandard SparsePhysics-Informed Sparsity-Gated
(Percentage) Regression Error Network Error Operator Error (Ours)
0% (Pristine) 0.02% 0.45% 0.01%
5% Noise 14.50% 2.10% 0.85%
10% Noise 45.20% (Structure(5.80% 2.30%

Failure)
20% Noise Complete Failure 12.40% 5.10%

7.3 Efficacy of Resolution Invariance

The cross-resolution evaluation protocols provided profound insights into the generalization
capabilities of the model. When trained on a sparse, coarse grid of spatial observations and
subsequently deployed to extract dynamics on a highly refined grid, the sparsity-gated neural
operator maintained perfect structural discovery and negligible loss in predictive accuracy. The
identified mathematical equations remained constant because the underlying continuous integral
mapping learned by the network is fundamentally decoupled from the sampling discretization.
Baseline models that relied on finite difference stencils required complete recalibration or
extensive interpolation preprocessing, which introduced interpolation errors that subsequently
derailed the sparse regression algorithms. This confirms that integrating symbolic discovery
directly into the continuous operator learning paradigm provides a definitive solution to the grid-
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dependence problem that has historically plagued data-driven physics identification. Lu and
colleagues examine anisotropic and multiscale cross-attention physics-inspired neural networks
for turbulence prediction [29].
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Figure 3Comparative Performance Charts

7.4 Predictive Fidelity and Computational Efficiency

A critical concern when imposing strict structural priors on deep learning models is the potential
degradation of predictive fidelity; heavily constrained models often underfit complex dynamics.
However, our analysis reveals that the parsimonious constraints enforced by the sparsity gating
did not hinder the forward simulation capabilities of the network. In fact, by eliminating redundant,
noise-fitting operator blocks, the sparsity-gated model often exhibited superior long-term
predictive stability compared to unconstrained, dense neural operators, which tended to
accumulate non-physical artifacts over extended temporal rollouts. Computationally, while the
initial training phase requires processing through the expanded dictionary blocks, the post-training
inference is exceptionally efficient. Once the sparse structure is identified, the vast majority of the
network architecture is pruned, resulting in an ultra-lightweight, highly interpretable surrogate
model that can simulate the physical system orders of magnitude faster than traditional numerical
solvers, possessing the dual advantages of extreme speed and explicit mathematical transparency.
8. Conclusion and Future Directions

8.1 Summary of Contributions

This paper has introduced a comprehensive theoretical and computational framework for
interpretable governing-physics discovery, leveraging the novel concept of sparsity-gated neural
operator priors. By fusing the continuous, resolution-invariant modeling capabilities of infinite-
dimensional operator learning with rigorous, sparsity-inducing regularization techniques, we have
effectively bridged the longstanding gap between accurate black-box deep learning and explicit
mathematical transparency. The proposed architecture dynamically constructs its integral
mappings from a defined dictionary of fundamental physical operators, utilizing a proximal
optimization strategy to ruthlessly prune redundant pathways and isolate the exact governing
partial differential equations. Extensive empirical validations across canonical complex dynamical
systems have definitively demonstrated that this framework not only matches the predictive
fidelity of unconstrained models but significantly surpasses classical system identification
methods in robustness to observational noise and variations in spatial discretization. Ultimately,
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this methodology allows algorithms to act as autonomous theoretical physicists, deriving accurate,

human-readable laws directly from continuous observational data. For a prospective PSPH

response model [30], sparsity could identify a compact set of candidate couplings, but

experimental perturbations would still be needed to distinguish a selected predictive term from a

causal metabolic mechanism.

8.2 Future Research Trajectories

While the sparsity-gated neural operator prior marks a substantial advancement in interpretable

artificial intelligence for the physical sciences, several avenues for future research remain. First,

the current dictionary construction relies heavily on spatial derivatives and polynomial
nonlinearities; expanding this dictionary to include integral and fractional differential operators
would significantly broaden the applicability of the framework to anomalous diffusion and non-
local transport phenomena. Second, integrating advanced symbolic mathematics engines directly
into the training loop could allow for dynamic, evolutionary generation of dictionary terms,
bypassing the need for predefined operator blocks and enabling the discovery of entirely novel
mathematical structures. Finally, extending this framework to handle highly unstructured, dynamic
topological manifolds, such as those encountered in general relativity or complex biological
membrane dynamics, will require the synthesis of advanced graph-based neural operators with
continuous sparsity priors. Addressing these challenges will further cement the role of interpretable
machine learning as an indispensable pillar of modern fundamental scientific discovery. Related
work has addressed high-quality tileable textures synthesis with intrinsic priors for cloth

digitization applications [31]. EventTracer's path-tracing-based event-stream rendering [32]

suggests an observation-simulation route for future event-driven benchmarks, with sensor-

generated events kept distinct from the underlying physical state.
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