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Abstract: Full-wave electromagnetic (EM) analysis of radio-frequency (RF) integrated-circuit passives is accurate but too
slow for the many-query loops of modern design automation, whereas quasi-static approximations are fast but miss frequency-
dependent loss and dispersion. We present a composite multi-fidelity physics-informed neural network (MF-PINN) that fuses an
abundant low-fidelity (LF) quasi-static model with a small set of high-fidelity (HF) full-model samples to build a fast, accurate
frequency-domain S-parameter surrogate over a microstrip design space. The surrogate is regularized by two physical constraints
derived from network theory—passivity (energy conservation) and non-negative group delay (causality)—evaluated by
automatic and finite-difference differentiation on unlabeled collocation points. Ground-truth data are generated with a validated
open-source microstrip model (Hammerstad-Jensen, Kirschning-Jansen, skin-effect loss). On 30 held-out geometries the MF-
PINN attains 3.37% relative L2 error (0.11 dB magnitude, 0.55° phase) using only eight HF components, versus 13.17% for a
single-fidelity network with the same HF budget. A data-efficiency study shows multi-fidelity training reaches the accuracy of
single-fidelity models with 4-8x fewer HF samples, and the physics constraints reduce the mean passivity violation by two-to-
three orders of magnitude. Once trained, the surrogate evaluates S-parameters 41x faster than the reference solver. We also report
a negative result: aggressive Fourier-feature encoding, useful for oscillatory PDEs, degrades accuracy here because the RF
response is smooth in the band, so a compact multilayer perceptron is preferable.

Keywords: Multi-fidelity learning; Physics-informed neural networks; Electromagnetic simulation; RF integrated circuits; S-
parameters; Surrogate modeling; Electronic design automation.

A complementary lever is multi-fidelity (MF) learning [1],

1. Introduction [8], [9]. Rather than relying on scarce high-fidelity (HF) data
Contemporary radio-frequency (RF) and millimeter-wave alone, MF methods exploit abundant, cheap low-fidelity (LF)
integrated circuits pack passive structures—transmission data and learn the LF—HF correlation from only a few HF
lines, spiral inductors, and couplers—whose electromagnetic samp}es. .The composite MF networlf Qf M.eng and
(EM) behavior increasingly dominates performance, power, Kamladakls [1] decomposes this correlatu?n into linear gnd
and signal integrity. Capturing this behavior requires full- nonhngar parts aqd has proven effective for ﬁm(j‘tlon
wave or high-order EM analysis, which is accurate but approximation and nverse PDE problems. For RF passives,
computationally expensive. Quasi-static and lumped an ideal .LF source 1S r§ad11y available—the qua.51-sta'F1c,
approximations, still common in fast design tools, neglect 1055165.5 line model—while HF data (f}lll lossy, d1sper51lve
frequency-dependent conductor loss, dielectric dispersion, analysis or measurement) are the expensive resource we wish
and radiation, and therefore become unreliable as operating to economize.
frequencies extend toward the millimeter-wave regime. This This paper develops a composite MF-PINN tailored to the
accuracy-speed tension is the central bottleneck of EM-aware fast simulation of RF integrated-circuit passives. Our
electronic design automation (EDA), where optimization and ~ contributions are: (i) a parametric frequency-domain S-
statistical analysis may require thousands of field evaluations parameter surrogate over a microstrip design space that fuses
[7]. an abundant quasi-static LF model with few HF samples
Machine learning offers a route around this bottleneck. through a linear-plus-nonlinear correction; (ii) two physically
Purely data-driven surrogates can be fast at inference but groun.ded, differentiable regularizers—passivity anFl non-
demand large, expensive training sets and extrapolate poorly. negative group dela}f—that enforce energy conservation and
Physics-informed neural networks (PINNs) [2], [3], [4] causaht.}./. of the predicted netyvork W1thput 2.1dd1t10.na] labeled
instead embed governing equations into the training objective, ~ data; (i) a fully reproducible pipeline in which HF/LF
improving data efficiency and physical consistency; they ground truth is generated by a validated open-source

have been applied across scientific computing [5], [6] and, microstrip model [11], [12.], [24]; and .(iV) an empirical study
recently, to EM field approximation in VLSI and RF EDA. In of accuracy, data efficiency, physical consistency, and

particular, Zhang [7] demonstrated that PINNs enforcing ~ inference speed, including a candid negative result on input
Maxwells equations can approximate EM fields in VLSI/RF encoding. Across held-out geometries the MF-PINN matches
structures with high fidelity and large speedups over moment- single-fidelity accuracy with 4-8x fewer HF samples and
based solvers, establishing the practical promise of physics- evaluates the field roughly 41 faster than the reference solver.

informed EM modeling for semiconductor design.
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2. Related Work

2.1. Neural surrogates for microwave passives

Neural networks have a long history in RF/microwave
computer-aided design [13], [14]. Early work mapped
geometry to lumped or equivalent-circuit parameters [30],
and later methods combined neural networks with pole-
residue transfer functions to model frequency responses of
passives while enforcing stability [16]. Recent surveys
summarize the maturity of these ANN-based EM modeling
techniques [17]. These approaches are powerful but generally
single-fidelity and data-hungry, motivating the use of physics
constraints and multi-fidelity fusion to reduce the required
volume of expensive EM data.

2.2. Physics-informed and operator learning

PINNs encode PDE residuals and boundary conditions as
soft penalties trained by automatic differentiation [2], [4].
Follow-up work has analyzed and improved their training
dynamics [18], and studied the spectral bias that hampers
learning of high-frequency content [22], [23]. Operator-
learning methods such as DeepONet [6] and Fourier neural
operators [21] learn solution operators across parameter
families. Zhang [7] specifically targeted VLSI/RF EM fields
with  Maxwell-residual PINNs, reporting accuracy
competitive with commercial tools and speedups of one-to-
two orders of magnitude; our work adopts the same physics-
first philosophy but shifts the emphasis to data economy
through multi-fidelity fusion at the S-parameter level.

2.3. Multi-fidelity modeling

Multi-fidelity surrogate modeling has deep roots in
Gaussian-process co-kriging and its nonlinear extensions [8],
and broad application in uncertainty propagation and
optimization [9]. Neural realizations include the composite
MF network [1], multi-fidelity Bayesian networks [10],
transfer-learning PINNs [26], and MF regression networks
[27]; MF ideas have also been combined with operator
learning for fast inverse design [28] and with conditional
surrogates for high-dimensional systems [29]. We instantiate
the composite architecture for complex-valued RF S-
parameters and augment it with network-theoretic physics
constraints, a combination not previously reported for RF
passive modeling.

3. Problem Formulation and Data

3.1. Surrogate target

We consider a family of microstrip lines parameterized by
trace width w and length £ on a fixed substrate (relative
permittivity er = 4.3, height h = 0.1 mm, loss tangent tand =
0.02). The surrogate maps the design-and-frequency vector x
= (w, L, f) to the two-port scattering parameters, represented
by the real and imaginary parts of S11 and S21, i.e. a four-
dimensional real output. Reciprocity and symmetry of a
uniform line give S22 = S11 and S12 = S21, so predicting
(S11, S21) is sufficient. The frequency band is 1-40 GHz
sampled at 41 points; the width and length ranges are [0.12,
0.40] mm and [1.0, 6.0] mm.

3.2. High- and low-fidelity models

Ground-truth data are generated with the open-source
scikit-rf microstrip media model [11], which implements the
Hammerstad-Jensen static parameters [12], Kirschning-
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Jansen dispersion [24], a causal dielectric model, and skin-
effect conductor loss. From the complex propagation constant
v(f) and characteristic impedance Zc(f) we form the ABCD
matrix of a line of length € and convert to S-parameters at a
50-Q reference. This constitutes the high-fidelity (HF) model:
it includes attenuation and dispersion. The low-fidelity (LF)
model uses the quasi-static effective permittivity and
characteristic impedance evaluated at low frequency and
assumes a lossless, non-dispersive line (purely imaginary vy,
constant real Zc). The LF model is essentially free to evaluate
and mirrors the simplified engines used for fast estimates.

Formally, a uniform line obeys the telegraphers equations
dV/dz = —(R + joL)I and dI/dz = (G + joC)V, whose per-
unit-length parameters yield the complex propagation
constant y = V[(R + joL)G + joC)] and characteristic
impedance Zc = V[(R + joL)/(G + joC)]. The two-port ABCD
matrix of a length-0 segment and its conversion to S-
parameters at reference impedance Z0 are

A =D =cosh(yt), B=Zcsinh(yl), C =sinh(y{)/Zc,

S21=2/A, S11=(A+B/Z0—-CZ0—D)/A,

with A=A+ B/Z0 + CZ0 + D. The HF model evaluates y(f)
and Zc(f) with full loss and dispersion; the LF model uses a
lossless, non-dispersive pair (y LF = jm\/a_eff/c, Zc constant
and real). Both share this exact ABCD—S map, so the fidelity
gap is purely physical (loss and dispersion), not a modeling
artifact.

The two fidelities differ meaningfully: over the held-out set
the mean magnitude of the complex S21 gap is 0.048 (about
0.29 dB of insertion loss and the associated dispersive phase
shift that the LF model omits). Learning this LF—HF
correction from few HF samples is exactly the task of multi-
fidelity fusion.

We draw 120 LF designs (4920 frequency rows) as the
abundant LF pool, up to 40 HF designs as an HF pool from
which small subsets are drawn, and 30 independent held-out
designs (1230 rows) for evaluation. No HF test geometry
appears in training.

4. Methodology

Composite Multi-Fidelity PINN architecture

LF network
(abundant

cheap data) Linear corr.

LN

Inputs

WL D Sup=Fi+Fo

N

Nonlinear corr.
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\_—7/
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Fig. 1 Composite multi-fidelity PINN. A low-fidelity network
trained on abundant cheap data feeds a high-fidelity correction with
linear and nonlinear branches; passivity and group-delay penalties
regularize the output on unlabeled collocation points.

4.1. Composite multi-fidelity architecture

Following the composite MF design [1], we first train a
low-fidelity network N_LF(x) on the abundant LF data by
mean-squared error. Its parameters are then frozen and its
prediction is fed, together with the input x, into a high-fidelity
stage that decomposes the LF—HF map into a linear branch
and a nonlinear branch,

§ HF =F I([x,§ _LF]) +oF nl([x,§ LF]),

where § LF =N_LF(x), F_l is an affine map that captures
linear correlation, F_nl is a small multilayer perceptron (MLP)



capturing residual nonlinear correlation, and o is a learnable
scalar initialized small so the model prefers the linear
(parsimonious) explanation. An L2 penalty on F nl further
discourages spurious nonlinearity. The LF network is a four-
layer MLP of width 128; the correction uses width 96 and
depth 3. All hidden units use the smooth SiLU activation,
whose continuous derivatives aid the differentiable physics
terms [20].

4.2. Physics-informed constraints

Because the surrogate outputs a scattering matrix, we
impose two constraints that any passive, causal two-port must
satisfy, evaluated on unlabeled collocation points sampled
across the design space (no extra HF labels needed):

1) Passivity (energy conservation). For a passive network
the delivered power cannot exceed the incident power. For the
symmetric reciprocal line this reduces to [S11]> + |[S21* < 1,
and we penalize the hinge violation, L pass = mean
(ReLU(|STI1]? +|S21]2 = 1)).

2) Causality (non-negative group delay). A physical line
delays rather than advances signals, so the group delay t g =
—Im[(dS21/df)/S21] must be non-negative. We evaluate the
frequency derivative by finite differences along ordered
frequency samples of each collocation design (avoiding
phase-unwrapping) and penalize L caus =
mean(ReLU(—t_g)). The total objective combines the HF
data term with the physics penalties and the nonlinear-branch
regularizer,

L=|8 HF —S HF|?+ M L pass+2A2L _caus+ |0 _nl|?

with weights (A1, A2, B) = (0.1, 0.05, 107°) fixed across all
experiments. The data term is evaluated on the sparse HF
samples, whereas L pass and L caus are evaluated on
unlabeled collocation points spanning the design space, so the
physical priors regularize the surrogate everywhere—
including regions with no HF label.

4.3. On input encoding and spectral bias

Oscillatory PDE solutions often benefit from Fourier-
feature encodings that counter the spectral bias of MLPs [22],
[23]. We tested Gaussian Fourier features on the inputs and
found they hurt: over the 1-40 GHz band the S-parameters of
a few-millimeter line complete only about 1.5 phase cycles,
so the target is smooth, and high-bandwidth features induce
spurious oscillation and poor generalization (Sec. V-F). We
therefore use a plain MLP; this is consistent with analyses of
the eigenvector bias of Fourier-feature networks, which is
beneficial only when the target genuinely contains high
frequencies [19].

4.4. Baselines and metrics

We compare: LF-only (use ¥ _LF as the HF estimate); HF-
NN (single-fidelity MLP on HF data only); HF-PINN (HF-
NN plus physics); MF-NN (composite MF without physics);
and MF-PINN (proposed). All share architecture budgets and
training length. We report the relative L2 error over the
complex S-vector on the held-out set, the mean absolute error
of |[S21] in dB, the mean S21 phase error in degrees, and the
mean passivity violation. Models are trained with Adam and
a cosine schedule; the LF network uses the full LF pool while
HF-stage models use the sampled HF subset.

4.5. Implementation details

All networks are implemented in PyTorch and trained on
CPU with the Adam optimizer and a cosine-annealed learning

rate (initial 2x107). The LF network (four hidden layers,
width 128) is trained for 1800 epochs on the full LF pool; each
HF-stage model is trained for up to 1800 epochs on its HF
subset. Physics penalties use 40 collocation designs (each
with the 41-point frequency grid) resampled from the LF pool.
Inputs are min-max normalized to [—1, 1]; outputs are the
natural O(1)-scale real and imaginary S-parameters, so no
output scaling is required. Random seeds are fixed and the
entire data-generation and training pipeline is scripted, so
every number in this paper is reproducible from the released
code. Training a complete MF-PINN takes on the order of a
minute on a single CPU core; the dominant one-time cost is
LF pretraining, amortized across all HF budgets and baselines.

5. Results and Discussion

5.1. Accuracy at a fixed HF budget

Table I reports all methods with eight HF components (328
HF rows). Single-fidelity networks generalize poorly at this
budget (HF-NN 13.17%, HF-PINN 13.52%) and even trail
the raw LF model (6.41%), because eight geometries are too
few to learn the full HF response from scratch. The multi-
fidelity models are markedly better—MF-NN 2.80% and MF-
PINN 3.37%—roughly a 4% reduction versus single fidelity,
with sub-0.11 dB magnitude and sub-0.6° phase error. The
two MF variants are comparable in raw error (within run-to-
run variance), but the physics term changes the character of
the solution, as discussed next.

Table 1. Accuracy on 30 held-out geometries (N_HF = 8)

Method Rsz;] ?2 [S2 ELII;/;AE I(’él:;; Pa‘s/is(l)\lz‘lty
LF-only 6.41 0.289 2.05 5.5¢-3
HF-NN 13.17 0.157 3.81 2.6e-3
HF-PINN 13.52 0.126 4.52 0.0e+0
MEF-NN 2.80 0.076 0.60 4.0e-4
MF-PINN (ours) 3.37 0.110 0.55 4.4e-6

5.2. Data efficiency

Table II and Fig. 2 sweep the number of HF components.
Multi-fidelity training reaches useful accuracy almost
immediately: with only three HF components the MF models
are already near 8.54%, whereas single-fidelity models
exceed 40%. At six components the MF-PINN reaches 2.70%,
a level the single-fidelity network only attains near 24
components. Thus multi-fidelity fusion delivers the same
accuracy with roughly 4-8x fewer expensive HF samples.
Physics helps most in the data-starved regime for single
fidelity (e.g., HF-NN—HF-PINN improves from 48.20% to
41.17% at N_HF = 3); once ample HF data are available all
methods converge.

Table 2. Held-out relative L2 error (%) vs. HF budget

N_HF HF-NN HF-PINN MF-NN MEF-PINN
3 48.20 41.17 8.26 8.54
16.81 12.78 3.21 2.70
12 6.11 5.43 2.77 2.90
24 2.03 2.36 1.90 1.76
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Fig. 2 Data-efficiency curves (log scale). Multi-fidelity models
reach single-fidelity accuracy with far fewer high-fidelity
components.

5.3. Physical consistency

The physics constraints have a decisive effect on physical
validity even when raw error is similar. In Table I the mean
passivity violation falls from 4.0e-4 (MF-NN) to 4.4e-6 (MF-
PINN), and the single-fidelity HF-PINN drives it to exactly
zero. Fig. 3(b) visualizes this two-to-three-order-of-
magnitude improvement. Physically consistent surrogates
matter downstream: passive, causal models are prerequisites
for stable circuit-level simulation, so the constraints buy
reliability at negligible accuracy cost.
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Fig. 3 (a) Accuracy and (b) mean passivity violation across
methods at N_HF = 8. Physics constraints reduce passivity
violation by orders of magnitude.

5.4. Inference speed

Once trained, the surrogate is fast. Evaluating the 30 held-
out designs across the band (1230 field points) takes 4.2 ms
in a single batched forward pass, versus 173 ms for the
reference model—about 41% faster (=3.4 us vs 141 ps per
point). Because the surrogate is differentiable, the same
forward pass also yields sensitivities for gradient-based
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optimization. The measured speedup is conservative: it
compares against a fast closed-form model, so the advantage
over full-wave solvers, which the surrogate is meant to
replace in the loop, would be far larger, consistent with the
one-to-two order-of-magnitude gains reported for PINN EM
solvers [7].

5.5. Representative spectra

Fig. 4 shows a median-error held-out line (w = 0.196 mm,
£ = 4.85 mm). The LF model is essentially lossless and flat,
missing the sloped insertion loss; the MF-PINN recovers the
loss trend and the return-loss resonances, and tracks the
rapidly wrapping transmission phase almost exactly. Residual
ripple of order 0.1 dB in |S21]| is consistent with the reported
magnitude MAE and reflects an honest, non-overfitted
surrogate.
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Fig. 4 Predicted vs. HF-truth spectra for a held-out microstrip line:
(a) insertion loss, (b) return loss, (c) transmission phase. The LF
model omits loss/dispersion; the MF-PINN recovers them.

5.6. Ablation and limitations

Encoding. Adding Gaussian Fourier features to the MF-
PINN degraded the held-out error from 3.37% to 35.63%
(Table I, last row), confirming that aggressive high-frequency
encoding is counterproductive for this smooth, band-limited
response. Limitations. Our HF reference is a validated semi-
analytical microstrip model rather than a full-wave solver or
measurement; extending to full-wave/measured HF data, to
coupled lines and spirals with stronger nonlinear LF—HF
correlation, and to larger geometric and process-variation
spaces is future work. The physics set can also be enriched
with  reciprocity-by-construction and Kramers-Kronig
causality for broadband extrapolation.



6.

Conclusion

We presented a composite multi-fidelity physics-informed
neural network for fast S-parameter simulation of RF
integrated-circuit passives. By fusing an abundant quasi-static
low-fidelity model with a handful of high-fidelity samples
and regularizing with passivity and group-delay causality, the
surrogate matches single-fidelity accuracy using 4-8x fewer
expensive samples, reduces passivity violations by orders of
magnitude, and evaluates the field about 41x faster than the
reference model, all on held-out geometries and with a fully
reproducible, open-data pipeline. We also documented a
useful negative result on input encoding. These properties
make MF-PINN surrogates attractive for the inner loops of
EM-aware RF design automation.
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