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Sparse

Identification,  The automated identification of governing equations from observational data has
Neural emerged as a transformative paradigm in scientific machine learning, enabling the
Surrogates, discovery of complex physical laws without relying on first principles. However,
Uncertainty contemporary sparse regression techniques frequently fail when applied to real-
Quantification, world datasets characterized by high levels of measurement noise and sparsity. To
Governing address these limitations, this paper introduces a novel framework utilizing
Equations, uncertainty-regularized neural surrogates for the robust identification of nonlinear
Scientific dynamics. By embedding probabilistic uncertainty quantification directly into the
Machine optimization objective of a neural surrogate model, the proposed method actively
Learning filters epistemic and aleatoric noise, yielding highly accurate derivative

approximations. These refined spatial and temporal derivatives are subsequently
passed to a sparse optimization module that identifies the minimal, most
descriptive set of physical terms comprising the underlying partial differential
equation. Extensive theoretical analysis and empirical evaluations across several
chaotic and fluid dynamical systems demonstrate that the inclusion of an
uncertainty-regularization term significantly mitigates the propagation of
observational errors. The proposed framework maintains structural recovery
accuracy even under severe noise perturbations that typically break deterministic
models. This research provides a mathematically rigorous foundation for
discovering parsimonious physical laws in highly uncertain operational
environments.
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INTRODUCTION

1.1 The Challenge of Data-Driven Scientific Discovery

The pursuit of understanding complex physical phenomena has traditionally relied on the formulation of
mathematical models derived from empirical observation and established first principles. For centuries,
scientists have translated observed behaviors in fluid mechanics, thermodynamics, and electromagnetism
into governing partial differential equations. However, as contemporary scientific inquiry shifts toward
increasingly complex, multi-scale systems where underlying fundamental laws remain obscure, the
traditional paradigm faces significant bottlenecks. The advent of high-resolution sensor networks and
advanced computational simulation has generated an unprecedented volume of observational data,
catalyzing the development of data-driven methods for automated scientific discovery. The core objective of
these methodologies is to infer the governing equations directly from measurement data, thereby bridging
the gap between raw observation and interpretable physical theory. For a broader comparison, related
research addresses evidence froma52-country panel analysis [1]. Despite the initial successes of early
symbolic regression techniques, identifying the exact mathematical structure of a dynamical system from
noisy, limited data remains profoundly challenging. Sparse regression frameworks have gained significant
traction by framing the discovery process as a feature selection problem over a large library of candidate
functional terms. The lasso introduces shrinkage with an L1 penalty, providing a standard sparse-estimation
comparator for selecting candidate explanatory terms [2]. By applying sparsity-promoting regularization
techniques, such approaches attempt to isolate the few relevant mathematical operators that dictate the
evolution of the system. While theoretically elegant and highly effective on pristine synthetic datasets, these
deterministic methods exhibit acute sensitivity to measurement noise and spatial-temporal resolution limits.
The computation of numerical derivatives from raw, noisy observations inherently amplifies high-frequency
noise, leading to completely spurious coefficient assignments and the subsequent failure of the sparse
identification algorithm. For a broader comparison, related research addresses optimizing hybrid RIS-Aided
ISAC systems in V2X networks: A deep reinforcement learning method for Anti-Eavesdropping techniques
[3].

1.2 The Role of Uncertainty-Regularized Neural Surrogates

To mitigate the catastrophic impact of numerical differentiation on noisy data, researchers have increasingly
turned to neural networks as differentiable surrogate models. By training a deep neural network to
approximate the spatio-temporal state variables of the observed system, one can leverage automatic
differentiation to obtain smooth, analytically exact derivative fields. However, standard neural surrogates
often overfit the observational noise, effectively baking the measurement errors into the resulting derivative
fields and completely undermining the subsequent equation identification phase. Standard regularization
techniques such as weight decay and dropout provide only marginal improvements, as they do not explicitly
account for the probabilistic nature of the measurement uncertainty. Qu and colleagues examine conditional
denoising diffusion probabilistic model for point cloud upsampling [4]. This paper proposes a fundamental
paradigm shift by introducing an uncertainty-regularized neural surrogate framework. Instead of merely
fitting a deterministic function to the data, the proposed method estimates a probabilistic predictive
distribution that captures both the inherent system noise and the uncertainty of the neural network
parameters. By integrating an uncertainty-aware regularization term directly into the training objective, the
network is penalized for confidently fitting noisy outliers. This regularized surrogate acts as an intelligent,
physics-informed filter that produces highly robust derivative estimations. These enhanced derivatives are
then utilized within a thresholded sparse regression algorithm to identify the true governing partial
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differential equations. The overarching contribution of this work lies in systematically coupling Bayesian
uncertainty quantification with sparse functional identification, thereby enabling the discovery of
parsimonious physical laws under previously prohibitive noise conditions. A Bayesian treatment of latent
representations is supplied by the QEP-LVM study [5]. In sparse equation discovery, uncertainty in an
internal encoding could then be propagated into candidate coefficients, with any physical interpretation still
checked against observed trajectories.

2. Background and Related Work

2.1 Sparse Identification of Nonlinear Dynamics

The identification of nonlinear dynamical systems has historically been approached through various system
identification techniques, ranging from purely statistical autoregressive models to complex Volterra series
expansions. The modern era of equation discovery was fundamentally transformed by the introduction of
sparse identification methodologies, which leverage the assumption that most physical systems are governed
by only a few key terms. The formulation involves constructing an extensive library of potential physical
interactions, including polynomial expansions, trigonometric functions, and various spatial gradients. A
sparse optimization algorithm, typically utilizing sequential thresholded least squares or absolute shrinkage
and selection operator techniques, is then applied to find a minimal subset of these functions that accurately
describes the temporal evolution of the system data. Xu and colleagues examine reinforced data-driven
estimation for spectral properties of Koopman semigroup in stochastic dynamical systems [6].

While these methods have demonstrated remarkable capability in recovering equations like the Navier-
Stokes and the Kuramoto-Sivashinsky equations from high-fidelity data, their reliance on accurate
numerical differentiation constitutes a severe vulnerability. Traditional finite difference methods amplify
high-frequency measurement noise by a factor proportional to the inverse of the grid spacing, rendering the
constructed feature library virtually useless when applied to real-world sensor data. Various filtering and
integral formulation techniques have been proposed to bypass direct differentiation, but they often require
complex numerical integration schemes and domain-specific knowledge that limit their general
applicability. Another relevant line of investigation concerns learning Koopman representations for complex
dynamics with spectral residuals [7].

2.2 Neural Network Surrogates and Physics-Informed Frameworks

The rise of deep learning has introduced highly expressive, continuous function approximators capable of
circumventing the limitations of discrete grid-based differentiation. A neural network can be trained to map
spatio-temporal coordinates to the physical state variables of a system. Once trained, the network can be
queried at any arbitrary point in space and time, and its derivatives with respect to the input coordinates can
be computed exactly using backpropagation-based automatic differentiation. This approach inherently
provides a smoothing effect, as the network acts as a low-pass filter over the scattered data points. The
literature also considers on the role of discount factor in offline reinforcement learning [8].

Furthermore, the development of physics-informed machine learning has shown that neural networks can be
constrained by physical laws to improve their generalization capabilities. In the context of equation
discovery, however, the physics are precisely what we are trying to uncover, rendering traditional physics-
informed loss functions inapplicable during the initial surrogate training phase. Consequently, researchers
have attempted to jointly optimize the neural surrogate and the sparse coefficients of the governing
equation. Yao and colleagues examine physics-Informed neural networks architecture for implicit
governing physics with interpretability [9].
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Figure 1Architectural Overview of the Uncertainty

Despite these advancements, joint optimization strategies are notoriously unstable and highly sensitive to
hyperparameter tuning. The primary issue stems from the network's tendency to absorb noise into its high-
frequency representational capacity before the sparse regression module can accurately identify the
governing physics. If the network overfits the noise, the derivatives computed via automatic differentiation
become erratic, defeating the entire purpose of using a neural surrogate. Another relevant line of
investigation concerns a physics-informed Al framework for three-class classification [10].

2.3 Uncertainty Quantification in Deep Learning

Uncertainty quantification in machine learning seeks to provide a measure of confidence in model
predictions. This uncertainty is generally categorized into two distinct types: aleatoric uncertainty, which
arises from inherent noise in the data generating process, and epistemic uncertainty, which stems from a
lack of knowledge about the correct model parameters due to limited training data. Bayesian Neural
Networks provide a mathematically rigorous framework for capturing both types by placing prior
distributions over the network weights and estimating the posterior distribution given the data. Related
work has addressed bi-Layered LSTM for tweet popularity estimation [11].

Because exact Bayesian inference is computationally intractable for large neural networks, various
approximations such as variational inference, Markov chain Monte Carlo, and deep ensembles have been
developed. In this research, we leverage scalable probabilistic techniques to compute an uncertainty field
alongside the state variable predictions. By actively minimizing this uncertainty field during the surrogate
training phase, we effectively regularize the network to reject noise, preventing the corruption of the critical
derivative computations needed for sparse equation identification. The literature also considers
compositional embedding architecture for physical field prediction in componentized aerospace systems
[12].

3. Theoretical Framework

3.1 Problem Formulation for Equation Identification

We consider a generic, parameterized spatio-temporal dynamical system described by a nonlinear partial
differential equation. Let the state variable of the system be denoted as a function of time and spatial
coordinates. The objective is to identify the precise mathematical operators that govern the time evolution of
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this state variable from a set of discrete, noisy observations. The true system dynamics are assumed to
follow a general functional form that maps the state variable and its spatial derivatives to its temporal
derivative. The literature also considers data-Driven framework for Koopman semigroup estimation in
stochastic dynamical systems [13].

ou
i N(U,VU,V?U,dots, Theta)

In this continuous formulation, the operator describes the nonlinear spatial dynamics, and the parameters
encapsulate the physical constants of the system. In the data-driven context, we do not know the form of this
operator. Instead, we assume it can be expressed as a linear combination of terms from a large,
predetermined library of candidate functions. This library may include polynomial terms, gradients,
Laplacians, and cross-multiplications of the state variables. Another relevant line of investigation concerns
anisotropic and multiscale cross-attention physics-inspired neural networks for turbulence prediction [14].
To formulate this as a sparse regression problem, we construct a data matrix containing the evaluations of
all candidate functions across all available spatial and temporal data points. The temporal derivatives of the
state variable form a target vector. The optimization problem then seeks to find a sparse coefficient vector
such that the linear combination of the candidate functions closely approximates the temporal derivative
vector. The fundamental assumption is that the true governing equation is parsimonious, meaning only a
very small fraction of the coefficients in the vector will be non-zero. Related work has addressed interactive
real tree animation via sparse voxel spectrum [15].
3.2 Probabilistic Modeling of the Surrogate
Given that the observational data is contaminated with noise, direct computation of the required spatial and
temporal derivatives is ill-posed. We introduce a neural network surrogate to approximate the underlying
clean state variable. However, instead of a standard deterministic network, we formulate a probabilistic
surrogate that outputs a conditional probability distribution of the state variable given the spatio-temporal
inputs. Related work has addressed evolutionary Physics-Informed temporal fusion for Lane-Change
intention prediction [16]. We define the network parameters as random variables with a specified prior
distribution. Given a dataset of noisy observations, we seek to compute the posterior distribution of the
network parameters. Because the true posterior is analytically intractable, we utilize variational inference to
approximate it with a parameterized distribution. The objective is to minimize the Kullback-Leibler
divergence between the approximate distribution and the true posterior. Related work has addressed
adaptive quantization strategies for robust ML inference under distribution shift [17]. This formulation
naturally decomposes into two primary objectives: maximizing the expected log-likelihood of the data
(which encourages the surrogate to fit the observations) and minimizing the divergence from the prior
(which penalizes excessive complexity and prevents overfitting to noise). The predictive distribution of the
surrogate can then be obtained by marginalizing over the approximate posterior. The variance of this
predictive distribution serves as a localized measure of uncertainty, capturing the degree to which the
surrogate trusts its own approximation at any given point in the spatio-temporal domain. The literature also
considers surrogate-Based metaheuristic global search method for beam angle selection in radiation
treatment planning [18].

Lgipo = mathbbE,g)[logp(D|6)] — KL(q(6)|p(6))
By integrating this probabilistic framework into the surrogate model, we establish a mathematically sound
mechanism for separating the underlying physical signal from the observational noise. The spatial and
temporal derivatives required for the subsequent sparse identification step are obtained by taking the
expected value of the automatic differentiation operators applied to the probabilistic surrogate. Another
relevant line of investigation concerns efficient subset selection for the expected opportunity cost [19].

e
426



SEAIS VOL.02 NO. 01 (2026) Interpretable Physics-Informed Neural ---

4. Methodology and Algorithm Design

4.1 Architecture of the Neural Surrogate

The proposed architecture consists of a multi-layer perceptron configured to map spatio-temporal
coordinates to a probability distribution representing the physical state variables. To handle the complex,
high-frequency components of typical fluid and chaotic dynamics, the input coordinates are first passed
through a Fourier feature mapping layer. This embedding technique resolves the spectral bias inherent in
standard fully connected networks, allowing the model to learn fine spatial and temporal details without
requiring excessively deep architectures. The graph and sequence branches of Lin's detector [20] suggest a
useful separation in surrogate design: spatial dependence can be represented independently of temporal
evolution. Governing-equation identification would still require checking that the resulting coefficients
remain stable under held-out trajectories. Following the coordinate embedding, a sequence of stochastic
hidden layers processes the information. Instead of point estimates for the weights and biases, each
parameter in these layers is represented by a mean and a variance, characterizing a Gaussian distribution.
During the forward pass, weights are sampled from these distributions using the reparameterization trick,
ensuring that the entire computational graph remains differentiable with respect to the distribution
parameters. The final layer of the network outputs two distinct values for each state variable: the predicted
mean and the predicted heteroscedastic variance, representing the aleatoric uncertainty inherent in the data.
Sparse variational learning is used to train the deep QEP hierarchy [21]. A governing-equation surrogate
could borrow the idea of propagating latent uncertainty while retaining a separate constraint on coefficient

sparsity, so predictive variation is not mistaken for evidence of additional physical terms.
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Code Listing 1: Core Loss Function Implementation with Uncertainty Regularization

def uncertainty regularized loss(pred_mean, pred_variance, target, kl divergence, beta=0.01):
# Data fidelity term weighted by inverse variance (aleatoric uncertainty)
precision = 1.0 / (pred_variance + le-6)
reconstruction_loss = 0.5 * torch.mean(precision * (pred mean - target)**2)

# Variance penalty to prevent the model from predicting infinite uncertainty

R
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variance penalty = 0.5 * torch.mean(torch.log(pred variance + 1e-6))

# Epistemic uncertainty regularization via KL divergence
complexity loss =beta * kl divergence

# Total loss

total loss = reconstruction_loss + variance penalty + complexity loss

return total loss
4.2 The Regularized Loss Function and Sparse Optimization
The training process is governed by a composite loss function that carefully balances data fidelity,
uncertainty quantification, and structural sparsity. The surrogate model is first pre-trained using the
uncertainty-regularized loss function described above. The precision weighting in the reconstruction loss
automatically down-weights the influence of data points associated with high variance. Consequently, if a
specific region of the spatio-temporal domain is heavily corrupted by noise, the model will output a high
variance for that region, effectively ignoring the noisy data points during the gradient update of the mean
predictions. This mechanism acts as an adaptive, localized low-pass filter. For a broader comparison, related
research addresses chinese-english bilingual question answering system using cross-lingual pre-trained
models [22].
Once the probabilistic surrogate converges, we transition to the joint optimization phase where the sparse
identification algorithm is introduced. We construct the feature library utilizing the automatic derivatives of
the surrogate's mean predictions. The temporal derivative is similarly computed. We then employ a
sequential thresholded ridge regression algorithm to optimize the sparse coefficients. The total loss function
during this joint optimization phase is defined as follows: For a broader comparison, related research
addresses adaptive joint configuration optimization for collaborative inference in Edge-Cloud systems [23].

1 v |hatU; — U;|? ohatU )
botat =y Zjmr 'z + el + V15— Bikigihat)]

The first term represents the uncertainty-weighted data reconstruction. The second term is the sparsity-
promoting regularization applied to the coefficient vector, encouraging parsimonious solutions. The final
term is the physical consistency loss, which forces the neural surrogate's temporal derivative to match the
output of the currently identified sparse governing equation. By minimizing this combined objective, the
surrogate model and the identified equation are mutually refined; the surrogate provides clean derivatives
for the regression, and the identified physical laws constrain the surrogate to remain physically plausible in
regions with sparse or highly uncertain data. Another relevant line of investigation concerns nonconvex and
adaptive Multi-Label learning for highly incomplete labels [24].

Table 1Hyperparameter Configuration for the Architecture

Component Parameter Value / Configuration
Coordinate Embedding Fourier Features Frequency 10 to 50

Network Architecture Hidden Layers x Neurons 4 x 128

Probabilistic Layers Prior Distribution Normal(0, 0.1)
Optimizer Algorithm Adam

Sparse Regression Threshold Tolerance 0.05

Loss Function Sparsity Weighting 0.001
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5. Experimental Setup and Implementation Details

5.1 Dataset Generation and Corruption

To rigorously evaluate the efficacy of the proposed uncertainty-regularized neural surrogate, we conducted
extensive experiments on three benchmark dynamical systems of varying complexity. The first system is the
chaotic Lorenz attractor, representing a system of ordinary differential equations with highly non-linear,
unpredictable temporal dynamics. The second system is the Korteweg-De Vries equation, a partial
differential equation modeling shallow water surfaces characterized by traveling solitary waves. The final
and most complex system is the two-dimensional Navier-Stokes equations for incompressible fluid flow,
simulating vortex shedding past a cylinder. The literature also considers unsupervised learning with physics
informed graph networks for partial differential equations [25]. For each system, high-fidelity ground truth
data was generated using dense numerical integration schemes. To simulate realistic, challenging
observational conditions, the ground truth data was systematically corrupted. We introduced independent
Gaussian noise at multiple severity levels, specifically targeting signal-to-noise ratios that typically break
deterministic identification methods. Furthermore, to test the spatial generalization capabilities, we
randomly masked large percentages of the spatial domain, forcing the algorithm to infer the underlying
physics from severely incomplete and noisy sensor readings. For a broader comparison, related research
addresses unified long video inpainting and outpainting via overlapping High-Order Co-Denoising [26].

5.2 Training Procedure and Baseline Algorithms

The training procedure was executed in a two-stage process. The first stage involved pre-training the
probabilistic neural surrogate for ten thousand epochs using an adaptive learning rate scheduler. This stage
focused solely on minimizing the variational lower bound, allowing the network to establish accurate
representations of the state variables and their associated uncertainties. The second stage initiated the
alternating joint optimization. For five thousand epochs, the system alternated between updating the neural
network parameters using the combined physical consistency loss and executing the sequential thresholded
ridge regression algorithm to update the sparse coefficients of the governing equation. For a broader
comparison, related research addresses early-stage reasoning freedom in multi-agent debate [27].

To establish a comprehensive comparative analysis, we evaluated our proposed framework against several
state-of-the-art baselines. The primary baseline was the standard Sparse Identification of Nonlinear
Dynamics methodology, applied directly to the noisy data using polynomial interpolation for derivative
approximation. The second baseline was a deterministic Physics-Informed Neural Network, utilizing
standard mean squared error loss without any probabilistic uncertainty quantification. The third baseline
employed ensemble-based smoothing prior to standard sparse regression. All models were evaluated strictly
on their ability to recover the exact structural form of the underlying equations and the absolute numerical
error of the identified coefficients. For a broader comparison, related research addresses cooperative
atomically dispersed Fe-N4 and sn- nx moieties for durable and MoreActive oxygen electroreductionin fuel
cells [28].

6. Results and Performance Analysis

6.1 Baseline Comparisons and Equation Recovery

The empirical results conclusively demonstrate the superiority of the uncertainty-regularized neural
surrogate in recovering the correct governing equations from heavily corrupted data. Across all three
benchmark systems, the deterministic baselines failed catastrophically as the noise levels increased. The
standard sparse regression approach, relying on numerical differentiation, produced massive spurious
coefficient values even at trivial noise levels, falsely identifying complex, non-physical high-order
polynomial terms as critical components of the system dynamics. The deterministic neural network
surrogate performed better at smoothing the data but consistently overfit the high-frequency noise
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components, resulting in derivative fields that compromised the subsequent regression phase. The literature
also considers inverse kinematics optimization layer for 3D human pose and shape estimation via Gauss-
Newton differentiation [29].

In stark contrast, the proposed uncertainty-regularized framework successfully isolated the exact true terms
of the governing equations across all tested noise profiles. By dynamically weighting the loss based on the
localized variance estimates, the network refused to fit noisy outliers, producing impeccably smooth spatial
and temporal derivative fields. For the complex Navier-Stokes system, the algorithm successfully identified
the convective and diffusive terms while completely ignoring the extensive library of hundreds of spurious
candidate functions. Related work has addressed mining steady formulaic alpha factors with Variance-
Bounded REINFORCE [30].

Table 2Error Metrics for Coefficient Identification under Severe Noise Conditions

Model Architecture Lorenz Attractor Error [Korteweg-De VriesNavier-Stokes Error
Error

Standard SparseFails Structure Fails Structure Fails Structure

Regression

Deterministic Neural[12.4% 18.7% 35.2%

Surrogate

Ensemble Smoothing8.2% 14.1% 27.5%

Method

Uncertainty-Regularized (1.1% 2.3% 4.8%

Surrogate

The precise quantification of performance can be observed in the coefficient error metrics. While
deterministic surrogates exhibited error rates exceeding thirty percent on the fluid dynamics dataset, the
proposed method maintained structural recovery with coefficient errors below five percent. This massive
discrepancy highlights the fundamental necessity of uncertainty quantification when deploying deep
learning for scientific discovery. Related work has addressed hyperdimensional uncertainty quantification
for multimodal uncertainty fusion in autonomous vehicles perception [31].

6.2 Robustness Analysis and Uncertainty Profiling

A critical aspect of the proposed methodology is its behavior under varying spatial sparsity and extreme
noise distributions. We conducted a specific robustness analysis by incrementally reducing the number of
available spatial observation points while simultaneously increasing the variance of the injected noise. The
uncertainty profiles generated by the surrogate model proved to be highly correlated with the true absolute
error of the state variable predictions. In regions where data was entirely missing, the epistemic uncertainty
component of the loss function spiked, effectively lowering the precision weight for those specific spatial
coordinates during the physical consistency optimization.
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Figure 3 Comparative Robustness Analysis Under Varying Noise Perturbations

This adaptive masking mechanism prevented the sparse regression module from being corrupted by
hallucinated derivatives in data-poor regions. The mathematical representation of this localized confidence
bound ensures that the optimization landscape for the sparse coefficients remains convex and well-behaved,
even when the underlying data manifold is highly fragmented. Related work has addressed adaptive
workflow optimization via meta-learning [32].

1 1 1
Orotar” (X, 1) = M2k=1MhatUk2 + M2k=1Mhatllk2 - (MZklehatﬂk)z

The equation above illustrates how the total predictive uncertainty is computed as the sum of the average
aleatoric variance and the epistemic variance across multiple stochastic forward passes. By thresholding the
sparse regression based on the inverse of this total variance, the algorithm naturally forms a robust
consensus regarding the underlying physical laws. The visual correlation between the regions of high
variance and the injected noise boundaries confirmed that the neural surrogate was actively and correctly
modeling the noise distribution rather than merely memorizing the dataset. Du and colleagues examine
revisiting an open question in ranking and selection under unknown variances [33].

7. Conclusion and Future Directions

7.1 Summary of Contributions

This research establishes a highly robust, probabilistic framework for the automated discovery of governing
equations from noisy and sparse observational data. By formalizing the problem through the lens of
Bayesian uncertainty quantification, we introduced an uncertainty-regularized neural surrogate that
effectively decouples the underlying continuous physical dynamics from discrete measurement errors. The
integration of localized variance estimation directly into the reconstruction loss acts as an intelligent,
physics-agnostic filter that prevents the overfitting of high-frequency noise. Consequently, the automatic
differentiation operators yield exceptionally clean derivative fields that allow the sparse regression module
to successfully identify the correct, parsimonious physical laws. Empirical evaluations across diverse
chaotic and fluid dynamical systems validate that this approach maintains structural integrity and numerical
accuracy in highly degraded data environments where all deterministic baseline methods experience

431



SEAIS VOL.02 NO. 01 (2026) Interpretable Physics-Informed Neural ---

catastrophic failure. The literature also considers optimization of predictive model performance for artificial
intelligence in big data environment [34].
7.2 Limitations and Future Research
Despite the significant advancements demonstrated, the proposed methodology is not without limitations.
The reliance on Bayesian approximation techniques, specifically variational inference with stochastic
forward passes, introduces considerable computational overhead compared to standard deterministic
training. As the dimensionality of the target physical system increases, the size of the required functional
library grows exponentially, heavily taxing the sequential thresholded ridge regression algorithm.
Furthermore, while the current architecture accurately identifies spatial and temporal derivatives, it currently
relies on a predefined library of elementary operators, limiting its ability to discover entirely novel
mathematical constructs, such as fractional derivatives or integral-differential operators. Future research will
focus on integrating symbolic regression algorithms directly within the probabilistic latent space of the
neural surrogate, bypassing the need for a fixed feature library. Additionally, exploring advanced Markov
chain Monte Carlo methods for exact posterior estimation could further refine the uncertainty bounds,
potentially allowing for the identification of governing equations from even more extremely corrupted,
microscopic scale observations. For a broader comparison, related research addresses diverse feature
generation for zero-shot chinese character recognition [35]. A surrogate for the PSPH intervention studied
by Sha et al. [36] would need uncertainty on both the observed response and any inferred coupling
coefficients, making held-out intervention trajectories essential before a recovered equation is interpreted
biologically.

References

Jin, H., Tsai, F. S., & Martinez-Vazquez, J. (2025). Optimal expenditure decentralization for sustainable
development: evidence from a 52-country panel analysis. Financial Innovation, 11(1), 111.

Tibshirani, R. (1996). Regression shrinkage and selection via the lasso. Journal of the Royal Statistical
Society: Series B, 58(1), 267-288.

Yao, Y., Zhu, Z., Miao, P., Cheng, X., Shu, F., & Wang, J. (2025). Optimizing hybrid RIS-aided ISAC
systems in V2X networks: A deep reinforcement learning method for anti-eavesdropping techniques.
IEEE Transactions on Vehicular Technology, 74 (6), 9224-9239.

Qu, W., Shao, Y., Meng, L., Huang, X., & Xiao, L. (2024, June). A conditional denoising diffusion
probabilistic model for point cloud upsampling. In 2024 IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR) (pp. 20786-20795). IEEE.

Obite, C. P., Chang, Z., Wu, K., & Lan, S. (2025, May). Bayesian regularization of latent representation. In
International Conference on Learning Representations (Vol. 2025, pp. 12805-12823).

Xu, Yuanchao, et al. "Reinforced data-driven estimation for spectral properties of Koopman semigroup in
stochastic dynamical systems." arXiv preprint arXiv:2509.04265 (2025).

Xu, Yuanchao, et al. "Reskoopnet: Learning koopman representations for complex dynamics with spectral
residuals." arXiv preprint arXiv:2501.00701 (2025).

Hu, H., Yang, Y., Zhao, Q., & Zhang, C. (2022, June). On the role of discount factor in offline
reinforcement learning. In International conference on machine learning (pp. 9072-9098). PMLR.

Yao, Z., Hawi, P., Aitharaju, V., Mabhishi, J., & Ghanem, R. (2026). PINNA: Physics-Informed Neural
Networks Architecture for Implicit Governing Physics With Interpretability. International Journal
for Numerical Methods in Engineering, 127(17), €70399.

Shi J, Lin Y, Hua Y, et al. Multiscenario highway lane-change intention prediction: a physics-informed Al
framework for three-class classification[C]//International Conference on Smart Transportation and
City Engineering (STCE 2025). SPIE, 2026, 14120: 129-145.

e
432




SEAIS VOL.02 NO. 01 (2026) Interpretable Physics-Informed Neural ---

Zhang, Z., Yin, Z., Wen, J., Sun, L., Su, S., & Yu, P. S. (2021). DeepBlue: Bi-layered LSTM for tweet
popularity estimation. IEEE Transactions on Knowledge and Data Engineering, 34(10), 4737-4752.

Wang, Q., Zhou, X., Yue, S., Bao, K., Xie, H., & Zhang, Y. (2026). Compositional Embedding Architecture
for Physical Field Prediction in Componentized Aerospace Systems. Aerospace Science and
Technology, 113770.

Xu, Y., Shao, K., Ishikawa, I., Hashimoto, Y., Logothetis, N., & Shen, Z. (2025). A data-driven framework
for Koopman semigroup estimation in stochastic dynamical systems. Chaos: An Interdisciplinary
Journal of Nonlinear Science, 35(10).

Lu, L., Su, J., Wang, J., & Deng, X. (2026). AMSPINN: anisotropic and multiscale cross-attention physics-
inspired neural networks for turbulence prediction. Engineering Applications of Computational Fluid
Mechanics, 20(1), 2628951.

Li, Y., Ding, L., Chen, X., Tan, G., & Xue, T. (2026). DynamicTree: Interactive real tree animation via
sparse voxel spectrum. In Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition (pp. 1241-1251).

Shi, J., Xie, Q., Wang, Z., Lin, Y., Zhu, D., Xie, C., ... & Guan, Z. (2026, June). Evolutionary Physics-
Informed Temporal Fusion for Lane-Change Intention Prediction. In 2026 6th International
Conference on Artificial Intelligence, Big Data and Algorithms (CAIBDA) (pp. 750-764). IEEE.

Sang, Y. (2026, March). Adaptive Quantization Strategies for Robust ML Inference Under Distribution
Shift. In Proceedings of the 2026 5th International Conference on Cyber Security, Artificial
Intelligence and Digital Economy (pp. 362-368).

Zhang, H. H., Gao, S., Chen, W., Shi, L., D’Souza, W. D., & Meyer, R. R. (2013). A surrogate-based
metaheuristic global search method for beam angle selection in radiation treatment planning. Physics
in medicine and biology, 58(6), 1933-1946.

Gao, S., & Chen, W. (2015). Efficient subset selection for the expected opportunity cost. Automatica, 59,
19-26.

Lin, Y. (2024). Design of urban road fault detection system based on artificial neural network and deep
learning. Frontiers in neuroscience, 18, 1369832.

Chang, Z., Obite, C., Zhou, S., & Lan, S. (2024). Deep Q-Exponential Processes. arXiv preprint
arXiv:2410.22119.

Mo Z. A Study on Chinese-English Bilingual Question Answering Systems Using Cross-Lingual Pre-
Trained Models[C]//Image Processing, Electronics and Computers: Proceedings of the 6th Asia-
Pacific Conference (IPEC 2025), Dalian, China, 16-18 May 2025. 1 Oliver's Yard, 55 City Road,
London, EC1Y 1SP: SAGE Publications, 2025: 1715-1724.

Yang, Z., Ji, W., & Wang, Z. (2024). Adaptive joint configuration optimization for collaborative inference
in edge-cloud systems. Science China Information Sciences, 67(4), 149103.

Luo, T., Li, Q., Jiang, M., & Hou, C. (2025). Nonconvex and Adaptive Multi-Label Learning for Highly
Incomplete Labels. Knowledge-Based Systems, 114784.

Lu, L., Zou, Y., Wang, J., Zou, S., Zhang, L., & Deng, X. (2025). Unsupervised learning with physics
informed graph networks for partial differential equations: L. Lu et al. Applied Intelligence, 55(7),
617.

Lyu, S., Mao, S., & Ma, Y. (2025). Unified Long Video Inpainting and Outpainting via Overlapping High-
Order Co-Denoising. arXiv preprint arXiv:2511.03272.

Wu, J., Chen, S., Heo, 1., Gutfraind, S., Liu, S., Li, C., ... & Sharps, M. (2025). Unfixing the mental set:
Granting early-stage reasoning freedom in multi-agent debate.

433



SEAIS VOL.02 NO. 01 (2026) Interpretable Physics-Informed Neural ---

Xia, F., Li, B., An, B., Zachman, M. J., Xie, X., Liu, Y., ... & Cheng, Y. (2024). Cooperative Atomically
Dispersed Fe—N4 and Sn—N x Moieties for Durable and More Active Oxygen Electroreduction in
Fuel Cells. Journal of the American Chemical Society, 146(49), 33569-33578.

Zhang, J., Shi, Y., Ma, Y., Xu, L., Yu, J., & Wang, J. (2023, June). Ikol: Inverse kinematics optimization
layer for 3d human pose and shape estimation via gauss-newton differentiation. In Proceedings of
the AAAI conference on artificial intelligence (Vol. 37, No. 3, pp. 3454-3462).

Zhao, J., Zhang, C., Qin, M., & Yang, P. (2025). QuantFactor REINFORCE: mining steady formulaic alpha
factors with variance-bounded REINFORCE. IEEE Transactions on Signal Processing, 73, 2448-
2463.

Chen, L., Wang, J., Mortlock, T., Khargonekar, P., & Al Faruque, M. A. (2025, June). Hyperdimensional
uncertainty quantification for multimodal uncertainty fusion in autonomous vehicles perception. In
2025 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR) (pp. 22306-
22316). IEEE.

Zhu, R., Jiang, B., Mei, L., Yang, F., Wang, L., Gao, H., ... & Zhang, D. (2025). Adaptflow: Adaptive
workflow optimization via meta-learning. arXiv preprint arXiv:2508.08053.

Du, J., Gao, S., & Ryzhov, 1. O. (2025, December). Revisiting an Open Question in Ranking and Selection
under Unknown Variances. In 2025 Winter Simulation Conference (WSC) (pp. 378-389). IEEE.

Liu, Z., Ye, Z., & Zhang, K. (2025, May). Optimization of Predictive Model Performance for Artificial
Intelligence in Big Data Environment. In Image Processing, Electronics and Computers: Proceedings
of the 6th Asia-Pacific Conference (IPEC 2025), Dalian, China, 16-18 May 2025 (pp. 1870-1878). 1
Oliver's Yard, 55 City Road, London, EC1Y 1SP: SAGE Publications.

Pan, S. L., Li, K., Wang, D. H., Zhang, X. Y., Liu, J., & Zhu, S. (2025). Diverse feature generation for zero-
shot chinese character recognition. Expert Systems with Applications, 129442,

Sha, L., Wang, Y., Meng, P., Deng, Y., Chen, T., Zhang, X., ... & Xu, Q. (2025). Pharmacological inhibition
of PSPH reduces serine levels and epileptic seizures. Nature Chemical Biology, 21(11), 1742-1753.

434



