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Abstract—Accurate simulation of electromagnetic structures is 
critical for semiconductor packaging, yet full-wave solvers impose 
prohibitive computational costs. This paper proposes a machine 
learning (ML) surrogate framework integrated with Bayesian 
optimization (BO) to accelerate signal integrity (SI) analysis. 
Unlike traditional topology-specific models, this approach utilizes 
transfer learning to adapt pretrained behavioral models to 
new geometries, preserving transferable features while isolating 
topology-specific variations. The framework is validated on a 
vertical via transition and a high-speed connector interface. 
Experimental results demonstrate that the proposed transfer 
learning framework significantly outperforms a baseline model 
utilizing the identical architecture but trained without knowledge 
transfer. For the via model, transfer learning achieves greater 
than 90% test accuracy with only 100 training samples, whereas 
the baseline yields 73% on the same subset and requires a 
1000-sample dataset to reach comparable convergence when 
predicting insertion loss (S21) over the target frequency range. 
In the connector analysis, the framework achieves a fourfold 
reduction in required training data for both insertion loss (S21) 
and time domain reflectometry (TDR) predictions. Specifically, 
TDR prediction test accuracy for a 50-sample dataset improves 
from 58% to 83%, highlighting the efficacy of the proposed 
method in capturing time-domain impedance discontinuities with 
minimal high-fidelity simulation overhead. The end-to-end train- 
ing requires approximately 1 hour, enabling rapid and scalable 
design closure for next-generation interconnects. 

Keywords—3D packaging, heterogeneous integration, signal in- 
tegrity (SI), electronic design automation (EDA), surrogate mod- 
eling, machine learning (ML), transfer learning (TL), Bayesian 
optimization (BO), Gaussian processes (GP), simulation acceler- 
ation, design space exploration (DSE). 

I. INTRODUCTION 

HE relentless scaling of data transmission rates in high- 

performance computing (HPC) systems has necessitated 

a paradigm shift toward significantly more complex packaging 

structures. Driven by the exponential growth in computing 

performance required by artificial intelligence (AI) and ma- 

chine learning (ML) workloads, the industry is increasingly 

adopting heterogeneous integration and advanced 2.5D and 3D 
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packaging technologies to overcome the physical scaling limits 

of monolithic designs [1]. Within these architectures, high- 

bandwidth interconnects, such as connectors, vias, and trans- 

mission lines, must support unprecedented data rates while 

navigating the stringent constraints of bandwidth density and 

energy efficiency. However, this increased structural complex- 

ity introduces severe signal integrity (SI) challenges, as higher 

data transmission rates make the system more susceptible to 

parasitic effects, crosstalk, and impedance discontinuities [2]. 

To ensure robust performance in these high-speed links, 

accurate electromagnetic (EM) characterization is essential. 

Traditionally, this relies on full-wave 3D EM solvers to capture 

intricate field interactions and frequency-dependent behaviors. 

While these physics-based simulations provide the necessary 

high fidelity for capturing complex parasitics, they impose 

prohibitive computational costs, often requiring hours or days 

to simulate complex vertical via transitions or connector 

interfaces [3], [4]. This latency creates a critical bottleneck 

in the design cycle, rendering comprehensive design space 

exploration and iterative optimization practically infeasible for 
modern time-to-market windows. 

ML surrogate models have emerged as a powerful alter- 

native to address this efficiency gap by approximating the 

mapping between design parameters and EM responses [2]– 

[9]. However, existing ML frameworks are constrained by 

their lack of topological generalizability, which severely limits 

their applicability to new circuit topologies. Training a high- 

accuracy surrogate for a new interconnect geometry usually 

requires generating a massive dataset of full-wave simula- 

tions from scratch, which paradoxically reintroduces the very 

computational overhead the model aims to eliminate. Existing 

methods often fail to leverage the physical knowledge em- 

bedded in previously simulated, correlated topologies, treat- 

ing each new design task as an isolated learning problem. 

While transfer learning has been introduced to mitigate this 

bottleneck by repurposing pretrained models, existing imple- 

mentations typically rely on full-model fine-tuning [10]. This 

process overwrites the source model parameters, eliminating 

their reusability and resulting in a fragmented collection of 

isolated surrogates rather than a cohesive library. Furthermore, 
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these approaches frequently depend on handcrafted feature ex- 

traction and heuristic hyperparameter tuning, which increases 

development time and impedes the automated generation of 

optimal behavioral models. 

To strictly address these limitations, this work proposes a 

novel transfer learning framework integrated with Bayesian 

optimization (BO), designed to achieve three central ob- 

jectives. First, to eliminate the reliance on manual feature 

extraction and trial-and-error tuning, the framework employs 

BO guided by Gaussian processes (GP) to autonomously 

explore the architectural search space, ensuring optimal model 

convergence without human intervention. Second, to facili- 

tate efficient cross-topology adaptation, we introduce a trans- 

fer learning architecture utilizing lightweight adapters. By 

aligning the shared design space between source and target 

topologies, these adapters preserve transferable latent features 

while isolating and learning only the variations unique to 

the new geometry. Third, the framework preserves source 

model integrity by decoupling transferable components from 

adapters assigned to specific tasks. This separation prevents 

model fragmentation and enables the construction of a scalable 

library of reusable packaging surrogates. 

The remainder of this paper is organized as follows. Sec- 

tion II details the proposed methodology. Section III presents 

the experimental validation on a vertical via transition, demon- 

strating the efficacy of the framework in scaling layer counts. 

Section IV extends this validation to a high-speed connector 

interface, analyzing the transferability between distinct inter- 

face standards. Finally, Section V concludes the paper. 

II. PROPOSED FRAMEWORK 

The primary objective of this work is to develop a gen- 

eralized and data efficient surrogate modeling framework 

capable of predicting the electromagnetic behavior of diverse 

high speed interconnect topologies with minimal simulation 

overhead. We consider two distinct circuit topologies, denoted 

as the source topology (α) and the target topology (β), where 

fα and fβ represent their corresponding behavioral models. 

 

 

(a) 

 

(b) 

Fig. 1: Comparison of surrogate modeling workflows. (a) Traditional approach 
relying on manual feature extraction and trial-and-error hyperparameter tun- 
ing. (b) Proposed automated framework using Bayesian Optimization (BO). 
The BO process utilizes a GP surrogate to model the validation loss of the 
neural network, iteratively selecting the optimal architectural and training 
hyperparameters (λ) to ensure convergence to a robust model. 

 

 

We postulate that α and β share underlying physical char- 

acteristics despite their differing geometric parametrizations. 

Consequently, the design spaces can be conceptually decom- 

posed into shared and topology specific subspaces as 

Dβ = Dshared ∪ Dβ  , (1) 

where Dshared encompasses parameters physically analogous 

between topologies and Dβ  contains parameters exclusive 
to the target structure. 

The optimization problem is thus reformulated as learning a 

transfer function Ftrans that adapts the pretrained knowledge of 

fα to the target domain using a minimal set of target samples 
Mβ. This is achieved by optimizing a set of adapter parameters 
θadapt while keeping the pretrained weights θshared of the source 

model frozen as 

Mβ 

by Dα ⊂ Rdα where dα represents the dimensionality of its 

 
θadapt 

j=1 

design parameters including geometric dimensions, material 

properties, and stackup configurations. Similarly, let Dβ ⊂ 

Rdβ represent the design space of the target topology. The 
corresponding electromagnetic responses such as S-parameters 

or TDR waveforms are denoted by Yα ∈ CN and Yβ ∈ CN 

where N is the number of frequency or time points sampled. 

In a standard supervised learning paradigm a surrogate 

model fβ : Dβ → Yβ is trained by minimizing a loss 
function L over a dataset Sβ = {(xi, yi)}Mβ where xi ∈ Dβ 

subject to the constraint that Mβ is a small fraction of the 

data typically required for training from scratch. To realize this 

framework effectively we address three fundamental research 

questions: 

• RQ1: Can we build fast and accurate behavioral models 

while eliminating the inefficiencies of manual hyperpa- 

rameter tuning and feature extraction? 

• RQ2: Can we leverage the behavioral model for the 

and yi 
i=1 

∈ Yβ are obtained via full wave electromagnetic 
common design space shared across related topologies 

while effectively isolating and discarding non transferable 
simulations. However generating a sufficiently large target 
dataset size Mβ to ensure generalization is computationally 

prohibitive for complex 3D EM structures. 

To circumvent this data scarcity, we propose a transfer 
learning approach that leverages a pretrained source model fα 

trained on a comprehensive dataset Sα where |Sα| ≫ |Sβ|. 

design parameters? 

• RQ3: Can we preserve the reusability of pretrained 

behavioral models when adapting to new design tasks 

without incurring the computational cost of retraining or 

the risk of catastrophic forgetting? 

X 
Let the design space of the source topology be denoted L (Ftrans(xj ; θshared, θadapt), yj ) , (2) 



t 

 

Fig. 2: Proposed transfer learning architecture with input unification and lightweight adapters. The design spaces of source (α) and target (β) topologies 

are aligned via masking and zero-padding, creating a unified input vector xunified. The backbone layers (θshared) pretrained on the source are frozen to 
preserve latent physical features. Trainable adapter modules (θadapt) are inserted to map topology-specific geometric variations to the shared feature space, 
minimizing the training data required for the target task. 

 

A. Bayesian Optimization 

As illustrated in Fig. 1a, the development of accurate 

surrogate models is traditionally hindered by the need for 

manual feature extraction and iterative hyperparameter tuning. 

This heuristic process is computationally inefficient, prone to 

human bias, and often fails to locate the global optimum. To 

strictly address RQ1 and eliminate these inefficiencies, this 

σ2(λ). To balance exploration and exploitation, we utilize the 

Expected Improvement (EI) acquisition function: 

EI(λ) = (gbest − µt(λ))Φ(Z) + σt(λ)ϕ(Z), (5) 

where Φ(·) and ϕ(·) denote the cumulative distribution func- 

tion (CDF) and probability density function (PDF) of the 
standard normal distribution, respectively. The term Z = 

framework integrates a Bayesian optimization (BO) strategy, 
as depicted in Fig. 1b. As detailed in [8], BO provides a 

gbest−µt(λ) 
σt(λ) represents the standardized improvement, quanti- 

sample-efficient mechanism for optimizing black-box objec- 

tive functions that are expensive to evaluate, such as the 

validation loss of a neural network. 

We define the hyperparameter search space Λ, which en- 

compasses architectural parameters (e.g., number of hidden 

layers L, neurons per layer Nl) and training hyperparameters 

(e.g., batch size B, optimizer type). The objective is to identify 

the configuration λ∗ ∈ Λ that minimizes the validation loss 

Lval of the neural network f trained on dataset D: 

λ∗ = argmin Lval(f (·; λ), D). (3) 
λ∈Λ 

Since the objective function g(λ) = Lval has no closed- 

form expression, we employ a Gaussian Process (GP) as a 
probabilistic surrogate. The GP defines a prior distribution over 

functions specified by a mean function m(λ) and a covariance 

kernel k(λ, λ′): 

g(λ) ∼ GP(m(λ), k(λ, λ′)). (4) 

Given observed evaluations Dt, the posterior distribution at 

a new point λ is Gaussian with mean µt(λ) and variance 

fying the potential gain relative to the uncertainty. The opti- 

mization proceeds iteratively by maximizing EI to select the 

next configuration until convergence, ensuring the automated 

generation of an optimal behavioral model. 

 

B. Adapter-Based Transfer Learning Architecture 

To strictly address RQ2 and RQ3, we propose a neural 

network architecture augmented with lightweight adapters. As 

demonstrated in recent advancements in computer vision and 

natural language processing (NLP) [11], [12], adapter-based 

transfer learning has emerged as a highly parameter-efficient 

alternative to full-model fine-tuning. In these domains, large 

pretrained models are adapted to downstream tasks by insert- 

ing small, trainable modules while keeping the vast majority 

of the pretrained parameters frozen. This strategy not only 

drastically reduces the computational cost of training but also 

prevents the catastrophic forgetting of the source domain 

knowledge. 

To prevent catastrophic forgetting in our context, the net- 

work must retain access to learned source features while 

accommodating new inputs. We achieve this via a dual strategy 

of parameter freezing and input space unification. 
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Fig. 3: 3D Electromagnetic models of the vertical via transitions. Alpha: 6- 
layer via. Beta: 12-layer via. 

 
TABLE I: Design Parameters for 6-Layer Via. Bolded parameters denote 
unique geometric features specific to the topology (Dunique), while unbolded 
entries represent common design variables shared across α and β. 

 

 Parameter   Range  
i/p ports Trace spacing (st,in)  3.5 to 20 mil 
i/p ports Trace thicknes (tt,in) 0.6 to 1.55 mil 
i/p ports Trace width (win)  2.5 to 12 mil 
o/p ports Trace spacing (st,out)  3.5 to 20 mil 

o/p ports Trace thicknes (tt,out) 0.6 to 1.55 mil 

o/p ports Trace width (wout)  2.5 to 12 mil 

Anti-pad diameter (da)   22 to 28 mil 
Drill diameter (dd) 8 to 10 mil 

 Pad diameter (dp) 16 to 20 mil  

 

 

The fundamental challenge in this physical domain lies in 
the dimensional mismatch between the source design space 

Dα and the target design space Dβ. As depicted in Fig. 2, 

we employ a masking and zero-padding strategy to unify the 
input spaces. We construct a unified input vector xunified 
where inputs corresponding to unique source parameters are 

masked (set to zero) and inputs corresponding to unique target 
parameters are padded. This aligns the shared design space 

Dshared while isolating Dunique: 

TABLE II: Design Parameters for 12-Layer Via. Bolded parameters denote 
unique geometric features specific to the topology (Dunique), while unbolded 
entries represent common design variables shared across α and β. 

 

 Parameter   Range  
1st layer Copper thickness (tCu1) 0.6 to 1.55 mil 
2nd layer Copper thickness (tCu2) 0.6 to 1.55 mil 
3rd layer Copper thickness (tCu3) 0.6 to 1.55 mil 
4th layer Copper thickness (tCu4) 0.6 to 1.55 mil 

5th layer Copper thickness (tCu5) 0.6 to 1.55 mil 
6th layer Copper thickness (tCu6) 0.6 to 1.55 mil 
2nd layer Core thickness (tc2)  1.9 to 8 mil 
4th layer Core thickness (tc4) 1.9 to 8 mil 
6th layer Core thickness (tc6)  1.9 to 8 mil 
1st layer Prepreg thickness (tp1)  1.9 to 8 mil 
3rd layer Prepreg thickness (tp3)  1.9 to 8 mil 
5th layer Prepreg thickness (tp5)  1.9 to 8 mil 
Solder mask thickness (ts) 0.4 to 0.6 mil 
GND via angle (θ) -45 to 45 degree 
GND via spacing (sg ) 19.5 to 64 mil 

GND via offset (∆) -10 to 40 mil 
i/p ports Trace spacing (st,in) 3.5 - 20 mil 
o/p ports Trace spacing (st,out) 3.5 - 20 mil 

i/p ports Trace width (win) 2.5 - 12 mil 
o/p ports Trace width (wout) 2.5 - 12 mil 
Anti-pad diameter (da) 22 - 36 mil 

Drill diameter (dd) 8 - 10 mil 
Pad diameter (dp) 16 - 20 mil 

 Via spacing (sv ) 19.5 - 64 mil  

 

 

III. CASE STUDY I: PTH VIAS-IN-PACKAGE 

To validate the proposed transfer learning framework, we 

consider a family of Plated Through-Hole (PTH) vertical via 

transitions, a fundamental discontinuity in 3D packaging. The 

source topology (α), illustrated in Fig. 3, consists of a 6- 

layer stack-up with a Ground-Signal-Signal-Ground (GSSG) 

configuration. The signal path transitions from a differential 

microstrip on the top layer to differential striplines on the 

third metal layer. This structure is parameterized by 9 design 

variables. On the other hand, the target topology (β), shown in 

Fig. 3, represents a 12-layer stack-up. Here, the signal transi- 

tions from differential microstrips on the top layer to striplines 

on the 10th layer and finally to microstrips on the 12th layer. 

xinput = Concat(xshared, 0α, xβ ). (6) This increased vertical depth and layer count expands the 

Here, 0α represents a zero vector with dimensionality 
equal to the number of unique source parameters (i.e., 0α ∈ 

design space to 24 parameters. The design parameters for both 

topologies, including their respective ranges, are detailed in 
α 
unique )). This explicit zero-padding ensures that the 

Table I and Table II. 

input neurons in the frozen backbone corresponding to source- 

specific geometric features are multiplied by zero, effectively 

deactivating them during inference on the target topology. 

The network processes this unified input through a com- 

position of frozen backbone layers and trainable adapter 

layers. The backbone weights θshared are transferred from the 

source model and frozen to preserve prior knowledge (satis- 

fying RQ3). The adapter layers θadapt are inserted between 

backbone blocks to capture topology-specific variations. The 

forward pass for layer l is given by: 

A. Data Generation 

Ground truth data for both topologies was generated using 

the ANSYS HFSS 3D full-wave electromagnetic solver [13]. 

To ensure a comprehensive coverage of the design space, Latin 

Hypercube Sampling (LHS) was employed to generate the 

training and testing samples. The simulations were configured 

with a center frequency of 10 GHz, and each full-wave 

simulation required approximately 8 minutes of computational 

time. 

For α, the scattering parameters (S-parameters) were sim- 

(l) (l) 
adapt 

(l) 
frozen 

(l−1) (l) 

frozen 

(l) 
adapt . (7) 

ulated over a frequency range of 0.02 GHz to 20 GHz, 

discretized into 1001 frequency points. A total of 1858 samples 

Training minimizes the loss solely with respect to θadapt, 

allowing the model to adapt to β using only a small fraction 

of the training data typically required. 

were generated to train and test the robust backbone model. 

For β, simulations were conducted over a range of 0.05 

GHz to 20 GHz. A total of 1000 samples were generated to 

Rdim(D 

σ
  

W 
  

+ b 



 
 

 

 
 

 

 
Fig. 4: Comparison of HFSS simulated (solid) and ML predicted (dashed) 
S-parameters for the source 6-layer via topology. 

 

 

constitute the full training dataset (100%). To comprehensively 

evaluate the efficiency of the proposed method, we created 

data subsets representing 10%, 25%, 50%, and 100% of the 

total samples. Both the transfer learning framework and the 

baseline model (trained from scratch) were trained on these 

identical subsets to provide a fair comparison of convergence 

behavior and data efficiency across the entire spectrum of data 

availability. 

B. Model Setup and Training 

The machine learning framework was implemented in Py- 

Torch [14] and trained on Windows with an Intel Xeon w5- 

3433 CPU and an NVIDIA RTX 4000 Ada Generation GPU. 

The training process proceeded in two stages. First, the 

source model was optimized using the BO framework de- 

scribed in Section II, identifying the optimal ML architecture 

that minimized validation loss on the source topology. Second, 

for the target model, the weights of this pretrained backbone 

were frozen. The 24-dimensional input of the target topology 

was mapped to the shared feature space using the zero- 

padding strategy, and only the lightweight adapter layers were 

optimized using the BO framework. 

C. Results and Analysis 

The performance of the proposed transfer learning (TL) 

framework was benchmarked against the baseline model (with- 

out pretraining) across the varying training dataset sizes. 

The source model (fα) achieved a baseline accuracy of 

99.97% on its test set, confirming the ability to capture the 

underlying physics of vertical via transitions. This high-fidelity 

prediction is illustrated in Fig. 4, where the predicted S- 

parameters for a randomly selected test sample show near- 

perfect agreement with the HFSS simulation. When adapted to 

the target topology, the TL framework demonstrated superior 

initialization and rapid convergence, as shown in Fig. 5a. In the 

data-scarce regime (10% data or 100 samples), the TL model 

achieved over 90% accuracy, whereas the baseline model 

struggled to generalize, reaching only 73%. This performance 

gap of approximately 17% highlights the effectiveness of the 

transferred physical features. As the dataset size increased 

(a) 
 

(b) 

Fig. 5: (a) Test accuracy comparison between the proposed Transfer Learning 
(TL) method and the baseline model (trained from scratch) as a function 
of training data size for the 12-layer via, including total training time for 

the target model. The ≈ 4× annotation highlights the fourfold reduction in 
required training data for the TL model to achieve parity with the maximum 
accuracy of the baseline model. (b) Comparison of HFSS simulated (solid) 
and TL predicted (dashed) S21 parameters (Real, Imaginary, and Magnitude) 
for the target 12-layer via topology, generated using the model trained on 
25% of the dataset (250 samples). 

 

 

to 25%, the TL model reached 97% accuracy compared to 

87% for the baseline. While both models eventually converged 

toward high accuracy as the dataset size approached 100%, 

the TL framework reached acceptable fidelity thresholds (e.g., 

> 95% accuracy) with significantly fewer samples. 

Fig. 5b presents the comparison between the HFSS- 

simulated (solid lines) and ML-predicted (dashed lines) S- 

parameters (S21) for the 12-layer target via, generated using 

the model trained on only 25% of the dataset (250 samples). 

The results indicate excellent agreement across the entire 

frequency band, validating that the optimized adapters success- 

fully mapped the complex 24-parameter space of the 12-layer 

via to the learned features of the 6-layer counterpart. 

A key contribution of this framework is its ability to gen- 

eralize across fundamentally different stackup configurations. 

In Case Study I, the model successfully transfers physical 

intuition from a 6-layer source to a 12-layer target, despite 

a nearly 3x expansion in the design parameter space (from 9 

to 24 variables). This demonstrates that the lightweight adapter 

architecture does not merely fine-tune weights but effectively 

maps a more complex, high-dimensional vertical interconnect 



 

 
Fig. 6: 3D Electromagnetic models of the high-speed connector interfaces. 
Alpha: SATA footprint on Rogers substrate. Beta: PCIe footprint on Megatron6 
substrate. 

 
TABLE III: Design Parameters for SATA. Bolded entries indicate topology- 
specific variations, whereas unbolded parameters represent transferable phys- 
ical dimensions. 

 

 Parameter   Range  

Landing pad displacement (∆)  -0.5 to 1 mm 

Landing pad width (wL) 0.3 to 0.7 mm 
Landing pad length (lL) 2 to 3.2 mm 
Breakout trace width (wB) 0.2 to 0.4 mm 

 Rogers substrate thickness (tS) 0.2 to 0.4 mm  

 

 

topology onto a lower-dimensional latent subspace of learned 

electromagnetic behaviors. This capability allows for the rapid 

characterization of advanced 3D packaging structures without 

the linear increase in simulation overhead typically associated 

with increased layer counts. 

IV. CASE STUDY II: CONNECTOR INTERFACE 

To demonstrate the versatility of the proposed framework 

across distinct interface standards we investigate the transfer 

of knowledge between two high speed connector footprints 

comprising Serial ATA (SATA) and Peripheral Component 

Interconnect Express (PCIe). 

This case study presents a significantly more challenging 

scenario than the previous example due to substantial differ- 

ences in material properties and stackup configurations along- 

side stringent signal integrity requirements which rigorously 

tests the framework adaptability. 

The source topology (α) corresponds to a SATA connector 

interface implemented on a Rogers substrate. The design 

focuses on optimizing the transition from the connector land- 

ing pads to the breakout traces to minimize reflection. It is 

parameterized by five key geometric variables. 

The target topology (β) is a PCIe Gen 5 connector interface 

designed on a Megatron6 high speed laminate. This structure 

introduces stricter impedance control requirements and dif- 

TABLE IV: Design Parameters for PCIe. Bolded entries indicate topology- 
specific variations, whereas unbolded parameters represent transferable phys- 
ical dimensions. 

 

 Parameter  Range  

Landing pad displacement (∆) -0.1 to 0.1 mm 

Landing pad width (wL)  0.2 to 0.4 mm 
Cutout size width (wC ) 1 to 1.4 mm 
Breakout trace width (wB) 0.11 to 0.31 mm 

 Megatron6 Substrate thickness (tS) 0.6 to 0.8 mm  

 

(a) 
 

 

(b) 

Fig. 7: Baseline performance of the source SATA model: Comparison of HFSS 
simulated (solid) and ML predicted (dashed) results for (a) S21 and (b) TDR 
impedance profile. 

 

 

ferent geometric constraints compared to SATA including a 

cutout region to manage capacitance. 

The design parameters for both topologies are listed in 

Table III and Table IV. Fig. 6 depicts the 3D electromag- 

netic models for both interfaces. It is pertinent to mention 

that specific internal structural details of these commercial 

connector models are encrypted to preserve vendor intellectual 

property. However this encryption does not affect the ultimate 

objective of this work as the port definitions remain accessible 

for generating the necessary electromagnetic response data via 

full wave simulation. 

A. Data Generation 

Consistent with the methodology detailed in Section III-A, 

ground truth data for both connector topologies was gener- 

ated using the ANSYS HFSS 3D full-wave electromagnetic 



solver [13]. Latin Hypercube Sampling (LHS) was similarly 

employed to ensure a statistically representative coverage of 

the design space defined in Tables III and IV. Given the 

increased structural complexity, these simulations were con- 

figured with a center frequency of 5 GHz, and each full-wave 

extraction required approximately 50 minutes of computation 

time. 

For α, the SATA interface was simulated up to 10 GHz. 

A comprehensive dataset comprising 1580 samples was gen- 

erated to train and test a robust backbone model capable of 

capturing the fundamental signal propagation characteristics 

of the connector footprint. 

For β, the PCIe interface simulations were conducted over 

the same frequency range up to 10 GHz. A total of 1000 

samples were generated to constitute the full training dataset 

(100%). To comprehensively evaluate the efficiency of the 

proposed method, we created data subsets representing 10%, 

25%, 50%, and 100% of the total samples. Both the transfer 

learning framework and the baseline model (trained from 

scratch) were trained on these identical subsets to provide a 

fair comparison of convergence behavior and data efficiency 

across the entire spectrum of data availability. A separate 

dataset of 120 samples was generated solely for testing pur- 

poses to ensure rigorous validation of the adapted models. 

 

B. Model Setup and Training 

The machine learning framework was implemented in Py- 

Torch [14] utilizing the identical hardware configuration de- 

scribed in Section III-B. 

The training protocol strictly followed the two stage transfer 

learning strategy established in the previous case study. First 

the SATA source model architecture (fα) was optimized using 

the BO framework to minimize validation loss. Second for the 

PCIe target model (fβ) the weights of this pretrained backbone 

were frozen. The design parameters of the PCIe interface were 

mapped to the shared feature space using the zero padding 

strategy to account for geometric differences. Finally only 

the lightweight adapter layers were optimized using the BO 

framework to align the predicted response with the target 

ground truth following the same optimization constraints and 

hyperparameters. 

C. Results and Analysis 

The performance of the proposed transfer learning (TL) 

framework was benchmarked against the baseline model (with- 

out pretraining) across varying training dataset sizes on the 

held-out test set. 

The source model (fα) achieved a baseline accuracy of 

99.92% for the broadband frequency response (S21) and 

94.14% for the transient impedance characteristics (TDR) on 

its test set. This confirms the ability to capture the fundamental 

signal propagation physics across both domains. These high- 

fidelity predictions are illustrated in Fig. 7, where the predicted 

responses for the SATA interface show strong agreement with 

HFSS simulations. 

 

 
(a) 

 

(b) 

Fig. 8: Frequency Domain (S21) Results for PCIe: (a) Test accuracy compari- 
son vs. training size along with the total training time for the target model. The 

≈ 4× annotation indicates a fourfold reduction in the training data required 
by the TL framework to reach the peak accuracy of the baseline model. 
(b) Comparison of HFSS simulated (solid) and TL predicted (dashed) S21 
parameters, generated using the model trained on 25% of the dataset (250 
samples). 

 

 

1) Frequency Domain (S21) Adaptation: When adapted to 

the target PCIe topology for frequency-domain prediction, 

the TL framework demonstrated superior initialization and 

rapid convergence, as shown in Fig. 8a. In the data-scarce 

regime (10% data), the TL model achieved over 95% accuracy, 

whereas the baseline model struggled to generalize. This 

performance gap highlights the effectiveness of the transferred 

spectral features. Fig. 8b presents the comparison between 

HFSS-simulated (solid) and ML-predicted (dashed) S21 pa- 

rameters, generated using the model trained on only 25% of 

the dataset (250 samples). The results indicate excellent agree- 

ment up to 10 GHz, validating that the adapters successfully 

mapped the complex resonance dips and roll-off of the PCIe 

footprint. 

2) Time Domain (TDR) Adaptation: Similarly, for the TDR 

task, the TL framework exhibited significant efficiency gains, 

as illustrated in Fig. 9a. The pre-trained backbone accelerated 

the learning of impedance discontinuities, reducing the training 

time by approximately 4× compared to the baseline. Fig. 9b 

shows the TDR prediction for the PCIe target, generated using 
the model trained on only 25% of the dataset (250 samples). 
The model accurately captures the time-domain responses 

at 5GHz, confirming that the framework effectively adapts 



 

 
(a) 

 

 

(b) 

Fig. 9: Time Domain (TDR) Results for PCIe: (a) Test accuracy comparison 
vs. training size along with the total training time for the target model. The 

≈ 4× annotation indicates a fourfold reduction in the training data required 
by the TL framework to reach the peak accuracy of the baseline model. 
(b) Comparison of HFSS simulated (solid) and TL predicted (dashed) TDR 
impedance profiles at 5 GHz, generated using the model trained on 25% of 
the dataset (250 samples). 

 

static geometric features to dynamic transient responses with 

minimal data. 

V. CONCLUSION 

This paper presented a novel Bayesian Optimization-guided 

transfer learning framework for the scalable surrogate mod- 

eling of complex 3D packaging structures. By decoupling 

topology-specific variations from shared physical features 

through a lightweight adapter architecture, the proposed 

method effectively overcomes the data scarcity bottleneck in- 

herent in full-wave electromagnetic simulations. Experimental 

validation on vertical via transitions and high-speed connector 

interfaces demonstrated that the framework achieves superior 

generalization in data-scarce systems, delivering over 90% 

accuracy with only 10% of the training samples and providing 

a fourfold reduction in training time for time-domain tasks. 

These results establish the framework as a robust solution 

for accelerating design space exploration and enabling the 

creation of reusable, cross-topology surrogate libraries for 

next-generation signal integrity analysis. 
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