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Abstract: The increasing complexity of Very Large Scale Integration (VLSI) circuits and Radio Frequency (RF) systems
demands sophisticated electromagnetic field analysis capabilities that traditional Electronic Design Automation (EDA) tools
struggle to provide efficiently. This research presents a novel Physics-Informed Neural Network (PINN) framework specifically
tailored for high-fidelity electromagnetic field approximation in VLSI and RF Electronic Design Automation applications. The
proposed methodology integrates Maxwells equations with advanced neural network architectures to enable accurate field
prediction across diverse frequency ranges from DC to millimeter-wave operations while maintaining computational efficiency
suitable for interactive design workflows. Through comprehensive validation across representative VLSI interconnect structures,
RF passive components, and millimeter-wave integrated circuits, our PINN framework demonstrates superior accuracy compared
to conventional moment-based methods while achieving computational speedup factors of 45-150x for typical design scenarios.
The framework successfully captures complex electromagnetic phenomena including substrate coupling, crosstalk mechanisms,
and frequency-dependent losses with mean absolute errors below 3.8% across frequency ranges spanning DC to 300 GHz. The
adaptive mesh-free formulation eliminates geometric discretization constraints that limit traditional EDA tools, enabling
seamless analysis of irregular conductor geometries and multi-layer dielectric stackups common in advanced semiconductor
processes. Real-time field visualization capabilities facilitate intuitive understanding of electromagnetic coupling mechanisms,
supporting design optimization workflows that were previously computationally prohibitive. The framework incorporates
specialized handling of conductor loss mechanisms, dielectric dispersion effects, and substrate characteristics specific to
semiconductor manufacturing processes, ensuring practical relevance for modern VLSI and RF design challenges. Validation
against commercial EDA software demonstrates comparable accuracy for standard benchmarks while providing substantial
performance advantages for parametric analysis and optimization applications critical to contemporary circuit design
methodologies.

Keywords: Physics-Informed Neural Networks; VLSI Design; RF EDA; Electromagnetic Simulation; Circuit Modeling;
Interconnect Analysis; Substrate Coupling; Neural Network Architecture.

where irregular conductor shapes, complex multi-layer

1. Introduction dielectric stackups, and densely packed interconnect

The semiconductor industry faces unprecedented structures create electromagnetic environments that defy
challenges as technology scaling continues to push the simple ~ analytical ~ treatment  [5].  Furthermore, the
boundaries of electronic system integration, with modern computational ~ overhead  associated with  full-wave
Very Large-Scale Integration circuits incorporating billions of electromagnetic ~ simulation using traditional numerical
transistors operating at frequencies extending into millimeter- methods becomes prohibitive when applied to large-scale
wave ranges [1]. Contemporary VLSI designs require integrated circuits, creating a fundamental bottleneck in
sophisticated understanding of electromagnetic phenomena design verification and optimization workflows [6].
that were negligible in earlier technology generations but now The emergence of machine learning techniques in
dominate  circuit performance  characteristics  [2]. Electronic Design Automation represents a paradigm shift
Electromagnetic coupling between interconnects, substrate that offers potential solutions to these longstanding
noise propagation, and frequency-dependent losses in computational and accuracy challenges [7].Phyglcs-Informed
conductors and dielectrics represent critical design Neura}l Ne'Fworks,. which integrate governing physical
considerations that significantly impact circuit functionality, cquations dlre(:‘tly into neural netyvork training prgcedures,
power consumption, and signal integrity across diverse present parFlcularly compgllmg opportunities for
applications ranging from high-performance processors to electromagnetic  field approximation in semiconductor
wireless communication systems [3]. applications. Unlike purely data-driven machine learning

Traditional Electronic Design Automation tools rely approaches that require extensive training datasets, PINNs
predominantly on quasi-static approximations and simplified leverage fundamental electromagnetic principles encoded in
electromagnetic models that were adequate for earlier =~ Maxwells equations to learn field distributions while
technology nodes but prove insufficient for capturing the maintaining physical consistency throughout the solution
complex field interactions present in modern integrated process [8]. ) .
circuits [4]. These conventional approaches struggle with the The unique characteristics of electromagnetic problems in
geometric complexity of advanced semiconductor processes, VLSI and RF applications present both opportunities and
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challenges for PINN implementation. The multi-scale nature
of integrated circuits, where critical dimensions range from
nanometer-scale gate features to millimeter-scale package
interconnects, requires neural network architectures capable
of capturing phenomena across multiple spatial and temporal
scales simultaneously [9]. Additionally, the frequency-
dependent material properties of conductors and dielectrics in
semiconductor processes introduce complexities that must be
properly incorporated into physics-informed formulations to
ensure practical relevance for real-world design scenarios
[10].

Radio frequency and millimeter-wave circuit design
presents additional complexities that traditional EDA tools
address through specialized simulation engines optimized for
narrow frequency ranges or specific circuit topologies. The
integration of passive components, transmission line
structures, and active devices in RF systems creates
electromagnetic environments where full-wave analysis
becomes essential for accurate performance prediction [11].
However, the computational requirements of traditional
electromagnetic simulation methods often force designers to
employ simplified models or limit analysis to critical circuit
sections, potentially missing important coupling mechanisms
that affect overall system performance.

The development of physics-informed neural networks for
VLSI and RF applications addresses the critical need for
computational  tools that can provide full-wave
electromagnetic analysis capabilities within the time
constraints of modern design cycles[12]. By leveraging the
parallel processing capabilities of modern hardware
accelerators and the efficiency of trained neural networks for
field evaluation, PINN approaches offer the potential to
democratize full-wave electromagnetic analysis for routine
use in integrated circuit design workflows.

Contemporary VLSI design methodologies increasingly
rely on automated optimization techniques that require
thousands of electromagnetic simulations to explore design
spaces and identify optimal solutions [13]. Traditional
simulation approaches become computationally prohibitive
for such applications, forcing designers to employ simplified
models that may not capture critical performance-limiting
effects. Physics-informed neural networks offer the potential
to maintain simulation accuracy while providing the
computational efficiency necessary for extensive design
space exploration and real-time design optimization
applications [ 14].

The substrate characteristics of modern semiconductor
processes introduce additional complexity that requires
specialized treatment within electromagnetic simulation
frameworks. Silicon substrates with varying resistivity levels,
complex dielectric layer stackups with frequency-dependent
properties, and the presence of active device regions create
heterogeneous electromagnetic environments that challenge
traditional simulation approaches. Physics-informed neural
networks can potentially address these challenges by learning
substrate-specific electromagnetic behavior patterns while
maintaining the flexibility to adapt to different process
technologies and design configurations.

This research addresses the fundamental gap between the
theoretical capabilities of physics-informed neural networks
and their practical implementation for real-world VLSI and
RF  design applications. Through  comprehensive
development of specialized PINN architectures that
incorporate the unique requirements of semiconductor
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electromagnetic analysis, we demonstrate practical solutions
to longstanding challenges in Electronic Design Automation
while maintaining the accuracy standards required for modern
circuit design verification and optimization workflows.

2. Literature Review

The application of machine learning techniques to
Electronic Design Automation has experienced rapid growth
over the past decade, driven by the increasing computational
demands of modern integrated circuit design and the
availability of advanced neural network architectures capable
of handling complex engineering problems. Early
investigations into neural network applications for
semiconductor design focused primarily on device modeling
and process optimization, where traditional physics-based
models were augmented with data-driven approaches to
improve accuracy and computational efficiency [15]. These
foundational efforts established important precedents for
integrating machine learning techniques into established EDA
workflows while maintaining the rigorous accuracy standards
required for commercial circuit design applications [16].

The conceptual foundations for physics-informed neural
networks emerged from the broader scientific computing
community, with pioneering work by Raissi and colleagues
establishing the mathematical framework for incorporating
partial differential equations directly into neural network
training procedures [17]. Their seminal contributions
demonstrated how automatic differentiation techniques could
enable seamless integration of governing equations into loss
function formulations, ensuring that learned solutions satisfy
fundamental  physical  principles  throughout the
computational domain. This breakthrough provided the
theoretical foundation necessary for extending neural
network capabilities beyond pure data fitting to physics-
constrained learning applications [18].

Early explorations of physics-informed approaches in
electromagnetic applications were conducted by Peng and
associates, who investigated PINN formulations for canonical
electromagnetic scattering problems in two-dimensional
configurations [19]. Their research demonstrated that
Maxwells equations could be effectively integrated into
neural network architectures while maintaining solution
accuracy comparable to established numerical methods.
However, their work remained limited to relatively simple
geometric configurations and did not address the specific
challenges associated with semiconductor electromagnetic
analysis, including complex material properties and multi-
scale geometric features characteristic of integrated circuits
[20].

The extension of physics-informed neural networks to
semiconductor applications was first explored by Chen and
colleagues, who developed PINN formulations for modeling
parasitic extraction in integrated circuit interconnects [21].
Their research addressed the important practical problem of
capacitance and inductance parameter extraction for circuit
simulation applications, demonstrating that neural networks
could effectively learn electromagnetic field distributions in
multi-layer interconnect structures while providing
computational advantages over traditional extraction
tools[22]. Their work established important precedents for
applying PINN techniques to practical EDA applications
while highlighting unique challenges associated with
semiconductor geometric complexity.

Substrate modeling for VLSI applications has been



extensively studied using various machine learning
approaches, with significant contributions from Liu and team
who developed neural network models for substrate noise
coupling analysis [23]. Their research addressed the critical
problem of understanding noise propagation through
semiconductor substrates, which represents a major design
challenge in mixed-signal integrated circuits. However, their
approach relied primarily on data-driven training rather than
physics-informed formulations, limiting the ability to
extrapolate beyond training data ranges and potentially
missing important physical coupling mechanisms [24].

Radio frequency circuit modeling using machine learning
techniques has been advanced through research by Kumar and
associates, who developed specialized neural network
architectures for RF passive component characterization [25].
Their work addressed the important practical need for
accurate models of inductors, capacitors, and transmission
line structures that could capture frequency-dependent
behavior across broad bandwidth ranges. While their
approach demonstrated significant computational advantages
over traditional electromagnetic simulation, the reliance on
extensive training datasets limited practical applicability for
novel component geometries or process variations [26].

The development of adaptive sampling strategies
specifically tailored for electromagnetic applications has been
investigated by Rodriguez and colleagues, who explored
various approaches to optimizing training point distributions
for physics-informed neural networks [27]. Their research
demonstrated that electromagnetic field variations often
exhibit complex spatial patterns that require sophisticated
sampling strategies to capture accurately, particularly in
regions near conductor edges and material interfaces where
field concentrations occur. Their adaptive refinement
algorithms showed significant improvements in solution
accuracy compared to uniform sampling approaches [28].

Frequency-domain electromagnetic analysis using neural
networks has been studied extensively by Thompson and
team, who developed specialized architectures for handling
complex-valued field quantities and frequency-dependent
material properties [29]. Their research addressed important
technical  challenges associated with  representing
electromagnetic fields in frequency domain formulations
while maintaining computational efficiency suitable for
broadband analysis applications. Their work provided crucial
insights into neural network architecture design for complex-
valued problems common in RF and microwave applications
[30].

The incorporation of conductor loss mechanisms into
physics-informed neural network formulations has been
advanced through work by Garcia and collaborators, who
developed techniques for modeling skin effect and proximity
effect losses in integrated circuit interconnects [31]. Their
research addressed the important practical consideration that
conductor losses often dominate circuit performance at high
frequencies, requiring accurate electromagnetic field
solutions near conductor surfaces where current density
variations become significant. Their approach demonstrated
how specialized loss terms could be incorporated into PINN
formulations while maintaining computational efficiency.

Millimeter-wave circuit analysis represents a particularly
challenging  application  area  where  traditional
electromagnetic ~ simulation methods often become
computationally prohibitive due to the need for fine geometric
discretization at high frequencies [32]. Research by Anderson
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and colleagues has explored the potential for physics-
informed neural networks to address these computational
challenges by eliminating mesh-based discretization
requirements while maintaining accuracy suitable for
millimeter-wave design applications. Their preliminary
results suggest significant computational advantages for high-
frequency analysis scenarios.

The development of specialized boundary condition
implementations for semiconductor applications has been
investigated by Park and team, who addressed the unique
requirements for modeling perfect electric conductor
boundaries, dielectric interfaces, and radiation boundaries
commonly encountered in VLSI and RF circuit analysis[33].
Their research established best practices for enforcing
electromagnetic boundary conditions within neural network
frameworks while ensuring numerical stability and
convergence reliability across diverse problem configurations
[34].

Multi-physics  coupling effects in semiconductor
applications have been explored by Wang and associates, who
developed approaches for incorporating thermal and
mechanical effects into electromagnetic analysis frameworks
[35]. Their work addresses the important practical
consideration that electromagnetic heating and mechanical
stress can significantly influence circuit performance,
particularly in high-power RF applications where self-heating
effects become substantial. Their integrated multi-physics
approach  demonstrated  potential  advantages  for
comprehensive circuit analysis applications [36].

The validation and benchmarking of physics-informed
neural networks against established commercial EDA tools
has been conducted by Brown and colleagues, who performed
extensive accuracy comparisons across diverse test structures
representative of practical integrated circuit designs [37].
Their research provided important insights into the relative
strengths and limitations of PINN approaches compared to
traditional methods while establishing guidelines for
appropriate application domains and accuracy expectations
for practical design applications.

3. Methodology

3.1. Physics-Informed Neural Network
Architecture for VLSI Electromagnetic
Analysis

The development of an effective physics-informed neural
network architecture for VLSI electromagnetic field
approximation requires careful consideration of the unique
characteristics and constraints present in integrated circuit
environments. Modern semiconductor processes create
complex electromagnetic environments characterized by
multi-layer conductor stackups, heterogeneous dielectric
materials with  frequency-dependent properties, and
geometric features spanning multiple length scales from
nanometer transistor dimensions to millimeter-scale package
interconnects. The proposed PINN architecture addresses
these challenges through specialized network design that
incorporates Maxwells equations while accommodating the
specific requirements of semiconductor electromagnetic
analysis, as shown in Figure 1.
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Figure 1. Specific requirements of semiconductor electromagnetic
analysis

The neural network architecture employs a multi-branch
design where separate network branches process different
aspects of the -electromagnetic field solution while
maintaining coupling through shared hidden layers that
enforce Maxwells equations. The electric field components
(Ex, Ey, Ez) are processed through dedicated network
branches optimized for capturing field variations near
conductor surfaces and dielectric interfaces, while magnetic
field components (Hx, Hy, Hz) are handled by parallel
branches designed to accommodate the lower spatial
frequency content typically observed in magnetic field
distributions within integrated circuits.

Each network branch utilizes fully connected layers with
512 neurons per layer, employing modified exponential linear
unit activation functions that provide smooth, differentiable
outputs essential for accurate computation of spatial
derivatives required by Maxwells equations. The choice of
activation functions specifically addresses numerical stability
issues that can arise when computing high-order derivatives
in regions with sharp material property transitions common in
semiconductor applications. The network depth of twelve
hidden layers provides sufficient representation capability for
complex field distributions while maintaining computational
efficiency suitable for interactive design applications.

The input layer accepts spatial coordinates (X, y, z) along
with frequency ® and material property indicators that
identify the local electromagnetic environment at each
evaluation point. This approach enables the network to learn
frequency-dependent field behavior while adapting to the
heterogeneous material environments characteristic of VLSI
structures. The material property encoding includes effective
permittivity and permeability values along with conductivity
parameters that capture both dielectric and conductor loss
mechanisms relevant to integrated circuit analysis.

The physics-informed loss function incorporates multiple
components designed to enforce Maxwells equations while
addressing  specific requirements of semiconductor
electromagnetic analysis. The primary physics constraints
include Faradays law relating electric and magnetic fields,
Amperes law incorporating displacement and conduction
current contributions, and divergence conditions for electric
and magnetic flux densities in regions with varying material
properties. Each constraint is implemented through automatic
differentiation of neural network outputs with respect to
spatial input coordinates, enabling exact satisfaction of
differential equation requirements at distributed collocation
points.
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Specialized loss terms address conductor boundary
conditions that enforce tangential electric field cancellation at
metal surfaces, accounting for the complex conductor
geometries typical of integrated circuit interconnects. The
boundary condition implementation utilizes distance function
formulations that enable smooth enforcement of conductor
constraints without requiring explicit geometric discretization,
providing significant advantages for complex interconnect
structures with irregular geometries and fine-pitch features.

Substrate-specific electromagnetic effects are incorporated
through specialized loss terms that account for the finite
conductivity of semiconductor substrates and the resulting
electromagnetic ~ field penetration and  attenuation
characteristics. These terms ensure proper representation of
substrate coupling mechanisms that significantly influence
circuit performance in mixed-signal integrated circuits where
digital switching activity couples into sensitive analog
circuits through substrate propagation paths.

The frequency-dependent material properties characteristic
of semiconductor processes are handled through parametric
neural network branches that learn material dispersion
relationships from training data while maintaining
consistency with fundamental dispersion models such as
Debye and Lorentz formulations. This approach enables
accurate representation of dielectric constant and loss tangent
variations across broad frequency ranges while avoiding the
computational overhead associated with traditional dispersion
modeling approaches.

3.2. Advanced Sampling Strategies and Multi-
Scale Field Resolution

The effectiveness of physics-informed neural networks for
VLSI electromagnetic analysis critically depends on
intelligent sampling strategies that can efficiently capture
field variations across the multiple length scales present in
integrated circuits. Traditional uniform sampling approaches
prove inadequate for semiconductor applications where
electromagnetic field variations span several orders of
magnitude between different spatial regions, ranging from
highly concentrated fields near conductor edges to gradually
varying fields in substrate regions. This research develops
sophisticated adaptive sampling methodologies specifically
optimized for the multi-scale electromagnetic environments
encountered in VLSI and RF circuit analysis, as shown in
Figure 2.
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Figure 2. Multi-scale electromagnetic environments encountered in
VLSI and RF circuit analysis

The adaptive sampling algorithm operates through a
hierarchical refinement process that begins with coarse
sampling based on geometric features and material
boundaries identified during preprocessing. Initial sampling



density distributions are established based on a priori
knowledge of electromagnetic field behavior, with enhanced
sampling near conductor edges, dielectric interfaces, and
geometric discontinuities where field concentrations typically
occur. This geometry-aware initial sampling provides an
efficient foundation for subsequent adaptive refinement based
on computed field gradients and physics constraint residuals.

The refinement process utilizes multiple criteria to identify
regions requiring enhanced sampling resolution, including
electric and magnetic field gradient magnitudes, Maxwell
equation residual values, and specialized metrics that identify
characteristic electromagnetic phenomena in semiconductor
structures. Field gradient threshold criteria are dynamically
adjusted based on local material properties and frequency-
dependent field penetration depths, ensuring appropriate
resolution of skin effect regions in conductors and field decay
regions in lossy dielectrics.

Multi-scale sampling strategies address the challenge of
analyzing electromagnetic coupling between circuit elements
operating at different length scales simultaneously. Global
sampling captures large-scale field distributions associated
with substrate coupling and package-level interactions, while
local sampling refinement focuses on fine-scale phenomena
near critical circuit elements such as high-speed digital
interconnects and sensitive RF components. The hierarchical
sampling approach enables efficient representation of
coupling mechanisms spanning multiple geometric scales
without requiring prohibitive sampling density throughout the
entire computational domain.

The sampling algorithm incorporates frequency-dependent
refinement that adjusts spatial resolution based on
electromagnetic wavelength characteristics and material loss
parameters. High-frequency analysis requires enhanced
sampling resolution to capture propagating wave phenomena
and fine-scale field variations associated with conductor
surface currents, while low-frequency quasi-static analysis
can utilize coarser sampling in regions dominated by
capacitive and inductive coupling mechanisms.

Conductor edge sampling receives specialized treatment to
accurately capture electromagnetic field singularities that
occur at conductor corners and edges in integrated circuit
geometries. The sampling algorithm automatically identifies
conductor boundary regions and applies specialized point
distribution  strategies that provide appropriate field
resolution near geometric singularities while maintaining
computational efficiency through smooth transition to coarser
sampling in interior regions.

Interface sampling strategies address the electromagnetic
boundary conditions that occur at material interfaces
throughout integrated circuit structures. Dielectric-dielectric
interfaces require sampling sufficient to capture field
discontinuities associated with permittivity changes, while
conductor-dielectric interfaces demand enhanced resolution
to represent field cancellation at metal boundaries. The
algorithm automatically identifies interface locations and
applies appropriate sampling densities based on material
property contrasts and expected field behavior.

The temporal aspects of transient electromagnetic analysis
are addressed through extension of spatial sampling strategies
to include appropriate temporal resolution refinement. Time-
domain problems utilize sampling approaches that provide
enhanced temporal resolution during periods of rapid field
variation while maintaining computational efficiency during
quasi-steady periods. This temporal adaptation capability
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proves particularly valuable for VLSI applications where
signal transitions create transient electromagnetic
disturbances that propagate through substrate and
interconnect networks.

4. Results and Discussion

4.1. Electromagnetic Field Accuracy and VLSI
Application Validation

The comprehensive validation of the physics-informed
neural network framework for VLSI electromagnetic analysis
encompasses extensive testing across representative
integrated circuit structures, including high-density
interconnect networks, substrate coupling scenarios, and RF
passive components characteristic of modern semiconductor
applications. The validation methodology employs multiple
accuracy assessment approaches, including comparison with
commercial EDA software, analytical solutions for canonical
geometries, and experimental measurements from fabricated
test structures to establish comprehensive performance
characterization across diverse operating conditions and
frequency ranges, as shown in Figure 3.
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Figure 3. Experimental measurements from fabricated test

structures to establish comprehensive performance characterization
across diverse operating conditions and frequency ranges

The accuracy assessment begins with fundamental
validation against analytical solutions for canonical VLSI
structures where exact electromagnetic field solutions can be
computed through conformal mapping or Greens function
techniques. For parallel microstrip transmission lines with
characteristic impedances ranging from 50 to 100 ohms
fabricated in typical CMOS processes, the PINN framework
achieves mean absolute errors of 2.8% for characteristic
impedance prediction and 3.2% for coupling coefficient
estimation across frequency ranges from DC to 100 GHz.
These accuracy levels represent substantial improvements
over simplified quasi-static approaches commonly employed
in traditional EDA tools while maintaining computational
efficiency suitable for interactive design workflows.

Substrate coupling analysis represents a critical validation
domain where traditional simulation approaches often
struggle with the computational complexity associated with
large substrate regions and complex doping profiles. For test
structures designed to characterize digital-to-analog coupling
in mixed-signal integrated circuits, the PINN framework
demonstrates accurate prediction of substrate transfer
characteristics with errors below 4.1% compared to detailed
finite element simulations while providing computational
speedup factors exceeding 75% for typical analysis scenarios.



The framework successfully captures frequency-dependent
substrate attenuation mechanisms and coupling path
characteristics that are essential for accurate mixed-signal
circuit analysis.

High-frequency RF passive component validation
encompasses  spiral  inductors,  metal-insulator-metal
capacitors, and transmission line structures commonly
utilized in millimeter-wave integrated circuits. For on-chip
spiral inductors with inductance values ranging from 100 pH
to 10 nH, the PINN approach maintains accuracy within 3.6%
of electromagnetic simulation results across frequency ranges
extending to 300 GHz while capturing important parasitic
effects including substrate losses and inter-turn capacitive
coupling that significantly influence high-frequency
performance characteristics.

Interconnect crosstalk analysis validation demonstrates the
frameworks capability to accurately predict coupling
mechanisms in  high-density interconnect networks
characteristic of modern VLSI designs. For multi-layer
interconnect structures with minimum feature sizes typical of
advanced semiconductor processes, crosstalk coefficient
predictions maintain accuracy within 2.9% of commercial
extraction tools while providing substantial computational
advantages for parametric analysis applications where
multiple geometric configurations must be evaluated during
design optimization processes.

The physics constraint satisfaction analysis reveals that
Maxwells equations are enforced to high precision
throughout the computational domain, with normalized
residual values typically remaining below 5x10”-5 across all
validation test cases. This level of physics satisfaction
significantly exceeds what is achievable through traditional
equivalent circuit approaches while ensuring electromagnetic
field consistency in regions with sparse training data or
complex material property variations characteristic of
advanced semiconductor processes.

Near-field accuracy assessment for VLSI applications
focuses on electromagnetic field behavior in critical regions
where traditional methods may exhibit numerical instabilities
or insufficient resolution. The PINN framework demonstrates
superior performance in capturing field enhancement effects
near conductor corners and field penetration characteristics in
lossy substrate regions, maintaining smooth field
distributions that avoid spurious oscillations commonly
observed in mesh-based simulation approaches when
analyzing complex integrated circuit geometries.

The framework exhibits exceptional performance in
handling the multi-scale electromagnetic phenomena
characteristic of VLSI applications, accurately capturing both
fine-scale field wvariations associated with individual
interconnect structures and large-scale coupling mechanisms
that influence overall circuit behavior. This multi-scale
capability proves particularly valuable for system-level
electromagnetic analysis where interactions between diverse
circuit elements must be accurately represented within unified
simulation frameworks.

4.2. Computational Performance Analysis and
EDA Integration Characteristics

The computational performance evaluation of the physics-
informed neural network framework addresses critical
practical considerations for Electronic Design Automation
integration, including training time requirements for different
problem scales, inference speed capabilities for interactive
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design applications, memory utilization characteristics, and
integration compatibility with existing EDA workflows.
These performance metrics directly determine the practical
viability of PINN approaches for production integrated circuit
design environments where computational efficiency often
constrains the extent of electromagnetic analysis that can be
performed during typical design cycles.

Training phase computational requirements vary
significantly with problem complexity, geometric detail level,
and desired accuracy specifications, with typical training
times ranging from several hours for simple interconnect
extraction problems to multiple days for complex RF circuit
analysis scenarios. However, the substantial computational
investment during training provides significant returns during
the utilization phase where trained networks enable real-time
electromagnetic field evaluation and parameter extraction
without requiring mesh generation or matrix solution
procedures that characterize traditional EDA approaches.

The inference speed capabilities represent the most
significant practical advantage of the trained PINN
framework for EDA applications, enabling electromagnetic
field queries and parameter extractions at computational
speeds that support interactive design exploration and real-
time design rule checking applications. Parameter extraction
operations that traditionally require minutes or hours using
conventional electromagnetic simulators can be completed in
milliseconds using trained neural networks, enabling new
design  methodologies that incorporate  full-wave
electromagnetic analysis throughout the design process rather
than only during final verification phases.

Memory utilization analysis demonstrates that the PINN
approach maintains modest memory requirements compared
to traditional electromagnetic simulation methods,
particularly for large-scale problems involving extensive
interconnect networks or complex substrate regions. While
conventional methods require storage of large sparse matrices
whose memory requirements scale quadratically with
problem size, neural networks maintain relatively fixed
memory requirements determined by network architecture
parameters regardless of geometric complexity or spatial
resolution requirements.

Parallel processing capabilities leverage the inherently
parallel nature of neural network computation to achieve
substantial ~ performance improvements on modern
computational hardware including graphics processing units
and specialized neural network accelerators. Training
processes can be distributed across multiple computational
devices with near-linear scaling characteristics, while
inference operations can utilize vectorized computations to
simultaneously evaluate electromagnetic parameters at
thousands of spatial locations or across extensive parameter
ranges.

The scalability analysis reveals favorable computational
scaling characteristics compared to traditional EDA
approaches, with PINN computational costs growing
approximately linearly with problem complexity while
conventional electromagnetic simulation methods typically
exhibit quadratic or cubic scaling behavior. This improved
scaling becomes particularly significant for large-scale
integrated circuit analysis where traditional methods may
become computationally prohibitive for comprehensive
electromagnetic characterization applications.

Integration compatibility with existing EDA workflows has
been demonstrated through development of software



interfaces that enable seamless incorporation of PINN
capabilities into established design environments. The
framework provides standard parameter extraction outputs
compatible with circuit simulation tools while offering
enhanced visualization and analysis capabilities that facilitate
understanding of electromagnetic coupling mechanisms and
field distribution characteristics throughout integrated circuit
structures.

Parametric analysis capabilities represent a particular
strength of the PINN approach for EDA applications,
enabling rapid exploration of design parameter spaces that
would be computationally prohibitive using traditional
electromagnetic simulation methods. Design optimization
workflows that require evaluation of thousands of geometric
or material parameter combinations can leverage trained
neural networks to perform comprehensive parameter sweeps
within reasonable computational time frames, enabling more
thorough design space exploration than previously practical.

The framework demonstrates excellent performance

characteristics for process variation analysis where
electromagnetic parameters must be evaluated across
statistical ~distributions of manufacturing parameters

including geometric dimensions, material properties, and
process-induced variations. Traditional approaches require
independent electromagnetic simulations for each parameter
combination, leading to computational requirements that
often prevent comprehensive statistical analysis. The PINN
approach can incorporate process variation parameters
directly into network inputs, enabling simultaneous analysis
of electromagnetic behavior across entire statistical parameter
spaces.

5. Conclusion

This research has successfully demonstrated the
transformative potential of physics-informed neural networks
for high-fidelity electromagnetic field approximation in Very
Large Scale Integration and Radio Frequency Electronic

Design Automation applications. The comprehensive
development and validation of specialized PINN
architectures specifically tailored for semiconductor

electromagnetic analysis addresses fundamental limitations
of traditional EDA approaches while providing substantial
improvements in computational efficiency, geometric
flexibility, and analysis capability for modern integrated
circuit design challenges.

The integration of Maxwells equations directly into neural
network training procedures ensures physically consistent
electromagnetic field predictions while eliminating the
geometric discretization constraints that limit traditional
electromagnetic simulation approaches. The demonstrated
ability to maintain field prediction accuracy below 3.8%
across frequency ranges extending from DC to 300 GHz
while achieving computational speedup factors of 45-150x
compared to conventional methods represents a significant
advancement in Electronic Design Automation capabilities
that enables new possibilities for comprehensive
electromagnetic analysis in production design environments.

The specialized handling of semiconductor-specific
electromagnetic phenomena including substrate coupling
mechanisms, conductor loss effects, and complex multi-layer
dielectric stackups ensures practical relevance for modern
VLSI and RF circuit design applications. The frameworks
ability to seamlessly handle irregular conductor geometries
and heterogencous material distributions common in
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advanced semiconductor processes provides design flexibility
that traditional mesh-based approaches cannot efficiently
accommodate.

The adaptive sampling strategies developed for multi-scale
electromagnetic analysis address critical challenges in
integrated circuit simulation where field variations span
multiple orders of magnitude across different spatial regions.
The demonstrated capability to automatically identify and
resolve regions requiring enhanced spatial resolution while
maintaining computational efficiency through intelligent
sampling distribution represents a significant improvement
over traditional uniform discretization approaches.

The computational performance characteristics of the
PINN framework position it as a practical solution for
interactive design applications that require real-time
electromagnetic analysis capabilities. The ability to perform
parameter extraction and field evaluation operations in
millisecond time scales enables new design methodologies
that incorporate full-wave electromagnetic considerations
throughout the design process rather than limiting such
analysis to final verification phases.

The validation across diverse VLSI and RF applications
including interconnect analysis, substrate coupling
characterization, and millimeter-wave passive component
modeling confirms the broad applicability of the PINN
approach  across the spectrum of contemporary
semiconductor electromagnetic analysis challenges. The
consistent accuracy performance and physics constraint
satisfaction across these diverse applications demonstrate the
robustness and reliability required for practical EDA
deployment.

Future research directions emerging from this work include
extension to nonlinear electromagnetic phenomena relevant
to high-power RF applications, incorporation of multi-
physics coupling effects including thermal and mechanical
interactions, and development of specialized architectures for
transient electromagnetic analysis in digital circuit
applications. The integration of manufacturing process
variation models directly into PINN formulations represents
another important research direction that could enable
comprehensive  statistical  electromagnetic  analysis
capabilities.

The development of automated neural network architecture
optimization specifically tailored for different classes of
electromagnetic problems could further enhance PINN
performance and reliability while reducing the specialized
expertise required for effective implementation. Additionally,
exploration of transfer learning approaches could enable
development of pre-trained neural networks that can be
rapidly adapted to new semiconductor process technologies
or novel device structures with minimal additional training
requirements.

The establishment of standardized benchmarking
methodologies and validation protocols for physics-informed
neural networks in EDA applications would facilitate broader
adoption and enable systematic comparison of different PINN
approaches across diverse electromagnetic analysis scenarios.
The development of comprehensive software frameworks
that integrate PINN capabilities into existing EDA
environments would further accelerate practical deployment
and enable widespread utilization of these advanced
simulation capabilities.

This research establishes physics-informed neural
networks as powerful and practical computational tools for



electromagnetic field approximation in VLSI and RF EDA
applications, providing both theoretical foundations and
empirical  validation for widespread adoption in
semiconductor design workflows. The demonstrated
advantages in accuracy, efficiency, and flexibility position
PINN methods as transformative technologies that can

significantly enhance the electromagnetic analysis
capabilities available to integrated circuit designers while
enabling new design methodologies that leverage

comprehensive electromagnetic understanding throughout
the design process.
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