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Abstract—In this paper, artificial neural-network approaches to
electromagnetic (EM)-based modeling in both frequency and time
domains and their applications to nonlinear circuit optimization
are presented. Through accurate and fast EM-based neural models
of passive components, we enable consideration of EM effects in
high-frequency and high-speed computer-aided design, including
component’s geometrical/physical parameters as optimization
variables. Formulations for standard frequency-domain neural
modeling approach, and recent time-domain neural modeling
approach based on state-space concept, are described. A new
EM-based time-domain neural modeling approach combining
existing knowledge in the form of equivalent circuits (ECs), with
state—space equations (SSEs) and neural networks (NNs), called
the EC-SSE-NN, is proposed. The EC-SSE-NN models allow
EM behaviors of passive components in the circuit to interact
with nonlinear behaviors of active devices, and facilitate nonlinear
circuit optimization in the time domain. An automatic mechanism
for EM data generation, which can lead to efficient training of
neural models for EM components, is presented. Demonstration
examples including EM-based frequency-domain optimization
of a three-stage amplifier, time-domain circuit optimization in
a multilayer printed circuit board, including geometrical/phys-
ical-oriented neural models of power-plane effects, and EM-based
optimization of a high-speed interconnect circuit with embedded
passive terminations and nonlinear buffers in the time domain are
presented.

Index Terms—Electromagnetic (EM), embedded passives,
modeling, neural networks, optimization, simulation.
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1. INTRODUCTION

LECTROMAGNETIC (EM)-BASED modeling and
E optimization are important toward first-pass success of
high-frequency and high-speed electronic circuit design [1],
[2]. In recent years, an EM-oriented computer-aided design
(CAD) approach based on artificial neural networks (ANNs)
has gained recognition [3], [4]. Accurate and fast neural models
can be developed from measured or simulated EM data. These
neural models can be used in place of CPU-intensive detailed
EM models to significantly speed up electronic circuit design,
while maintaining EM-level accuracies. ANNs have been
applied to modeling and design of a variety of components and
circuits such as bends [5], embedded passive components [6],
transmission-line components [7], [8], field-effect transistors
(FETs) [9], vias [10], coplanar waveguide (CPW) components
[11], spiral inductors [12], amplifiers [13], and filters [4].

Several EM-ANN-based CAD methods have been proposed
in the RF/microwave CAD community. In [11], multilayer
perceptrons (MLPs) neural networks were trained to learn EM
behaviors of CPW components such as bends and junctions
from frequency-domain EM simulations. Following this, accu-
rate and fast EM-based design and optimization of CPW circuits
was demonstrated using these neural models. A recent trend
in the microwave-ANN area is knowledge-based approaches
to efficient EM-based modeling and design, which advocates
the use of existing knowledge such as conventional empirical
models together with neural networks. Pioneering works
in this direction include knowledge-based neural networks
[9], difference network [10], prior knowledge input network
[14], and space-mapped neural networks [S]. Neural model
development using these knowledge approaches needs fewer
EM simulations (or training data) and shorter training time,
thereby facilitating cost-effective neural-based high-frequency
circuit design and optimization.

The need for large-signal analysis of microwave circuits con-
sisting of both active devices and passive components demands
powerful nonlinear CAD methodologies [1], [15]. In this paper,
we present EM-based neural modeling of passive components
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and their applications to high-frequency and high-speed non-
linear circuit optimization in both frequency and time domains,
including component’s geometrical/physical parameters as op-
timization variables. The first step in this direction is to re-
alize EM-based neural models in both frequency- and time-do-
main formats, compatible with the framework of existing CAD
tools. Standard frequency-domain neural modeling approach in-
volving training of neural networks from frequency-domain EM
training data, which consists of S-parameters versus geomet-
rical/physical parameters and frequency, is summarized.

Development of EM-based time-domain neural network
models is a new research topic. A recent state—space equa-
tion—neural network (SSE-NN) approach [16] based on the
state-space concept that facilitates development of time-domain
neural models from frequency-domain EM data is described.
Motivated by the knowledge-based approaches, we further
propose an equivalent circuit-state—space equation—neural net-
work (EC-SSE-NN) method for time-domain neural modeling
that combines existing knowledge in the form of equivalent
circuits (ECs) and empirical formulas with the SSE-NN. The
EC-SSE-NN method aims to achieve a time-domain model
with fewer expensive EM training data without sacrificing
model accuracy. Incorporation of frequency- and time-domain
neural models including the proposed EC-SSE-NN models
into the nonlinear circuit equations for enabling EM-based
nonlinear circuit optimization is formulated. The neural models
allow EM behaviors of passive components in the circuit to
interact with nonlinear behaviors of active devices. To further
strengthen various approaches to EM-based neural modeling,
an automatic mechanism for EM data generation is also
presented.

In Sections II and III, formulations for standard fre-
quency-domain neural modeling and recent time-domain
neural modeling are presented. The proposed EC-SSE-NN
approach for efficient time-domain neural model develop-
ment from frequency-domain neural network training and the
proposed automatic mechanism for EM data generation are
presented in Section IV. In Section V, systematic methods for
incorporating frequency- and time-domain neural models into
harmonic balance (HB) and time-domain nonlinear circuit
equations respectively, are derived. Section VI presents exam-
ples of EM-based optimization of a three-stage amplifier circuit
in the frequency domain, time-domain circuit optimization in
a multilayer printed circuit board (PCB) including geomet-
rical/physical-oriented neural models of power-plane effects,
and EM-based signal integrity analysis and optimization of a
high-speed very large scale integration (VLSI) interconnect
circuit with embedded passive terminations and nonlinear
buffers. Finally, Section VII presents conclusions.

II. FREQUENCY-DOMAIN NEURAL MODEL

Frequency-domain neural models are important for CAD
such as nonlinear optimization of amplifier circuits in the
frequency domain. A frequency-domain neural model repre-
sents S-parameters of a passive component with the speed of
empirical models, but with accuracy comparable to detailed
EM models [3], [9]. In this section, formulation for training

Metal Layer —

Ground —*~

Fig. 1. Geometrical structure of embedded resistor in multilayer PCBs.
Various ANN approaches including the proposed EC-SSE-NN are used to
develop neural models of the resistor from EM data.

frequency-domain neural models from frequency-domain EM
data is presented. Let x represent an [NV,-vector containing
the external inputs (stimuli) and y represent an N,-vector
containing the outputs (responses) of a passive component.
For example, £ could contain geometrical parameters such
as length (Lg) and width (Wg) of an embedded resistor,
shown in Fig. 1, and signal frequency w and y could contain
corresponding Y- or S-parameters. Let f represent a detailed
EM relationship between x and v, i.e.,

y = f(=z) 1)

to be modeled by a neural network. Information of f can be
typically accessed through detailed EM simulation software

d = g(z) @)

also referred to as an EM simulator. We introduce a terminology
for simulator “g” and refer to it as a “data generator.” For a
given input z, data generator g(z) can be used to compute the
outputs d. Data generation involves repetitive use of g to ob-
tain sample pairs (zy, di.), where k is the sample index. These
sample pairs are divided into training and test sets. We define 7.
and T, as index sets of training and test data, respectively. The
purpose of neural-network modeling is to develop a fast neural
model

Y= fANN(-"?a’w) (3)

that accurately represents g. Here, f,ny i @ neural network
trained to learn g from training data (z,dy), k € T,., g is an
N, -vector of neural model responses, and w is an ANN weight
vector [3].

The MLP network [4] is the most commonly used neural net-
work. For the purpose of ANN training, an error function F(w)
is defined as

Ny
E(w) = % DD i — din) Q)

keT, j=1

Here, 9/, is the jth element of the neural-network output y(zr),
and dj;, is the jth element of corresponding data output dj.
The objective of neural-network training is to adjust w such
that F(w) is minimized. Following (4), we can also define a
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test error and use test data (zg,dy) and k € T, to indepen-
dently assess the quality of the trained neural model. The trained
neural model f,nx can be used in place of a CPU-intensive
EM simulator to provide fast EM information needed during fre-
quency-domain simulation and optimization.

III. TIME-DOMAIN NEURAL MODEL

Time-domain models are important for transient analysis
and design of nonlinear circuits such as minimization of signal
delay and crosstalk in high-speed VLSI interconnect networks
[17], [18] and ground noise minimization in integrated-circuit
(IC) packages [19]. Conventional time-domain models such as
equivalent-circuit-based models and quasi-static semianalytical
models are not sufficient for CAD of high-speed circuits. As
such, there is a need for time-domain models that include
detailed EM effects. Time-domain neural modeling for passive
components is a relatively new subject. In this section, our
recent SSE-NN approach [16] for training time-domain neural
models from frequency-domain EM data is presented.

In the time-domain formulation, we define that neural model
inputs x contains geometrical and physical parameters only
(signal frequency w is not included). The bottleneck in the
SSE-NN approach is to establish a link between component’s
geometrical parameters and time-domain responses through
a neural-network model. We begin with transfer functions
(TFs), also called polynomial rational functions, to represent
admittances of a two-port passive component as [16]

Hij =Yij(s) =
a(O) =+ a(l)s + -+ a(’ﬂ—l)sn—l + sn
j=1,2; i=4,...,2. (5)

Here, s = jw, and n represents effective order of high-fre-
quency behaviors of the passive component. As an example,
using the definition Y7, (s) = I1(s)/Vi(s) together with the in-
verse Laplace transform, time-domain voltage v; (¢) and current
i1(t) are related via coefficients a’s and b’s. The next challenge
is to relate these TF coefficients to geometrical/physical param-
eters x.

Let ppp be areal Npg-vector of TF coefficients given by (6),
shown at the bottom of this page.

For a given py, i.e., a fixed set of real values of the coef-
ficients, (5) represents admittances of the passive component
(as pure functions of frequency) for one geometry. In order to
develop an EM-based neural model that represents the contin-
uous relationship between geometrical parameters (i.e., z) of the
passive component and its Y '-/S-parameters, we train an MLP
neural network hann such that

Prr = hanx (1’1 wTF) (7

R
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Fig. 2. Lumped ECs of: (a) embedded resistor and (b) embedded capacitor to
be used as EC sub-models in the EC-SSE-NN approach.

where wrp is a vector of neural-network internal weights in
hann. Following this, we utilize the SSEs to express the time-
domain responses as

{ o(t) = Av(t) + Bu(t)

i(t) = Cu(t) + Dult) ®)

where matrices A, B, C, and D are formulated using the co-
efficients pp estimated by hann[16]. In (8), v(¢) represents
state variables, and w(¢) and (¢) are input voltage and output
current waveforms respectively. In summary, (7) and (8) form
an EM-based time-domain SSE-NN model of the passive com-
ponent under consideration.

IV. EC-SSE-NN TIME-DOMAIN MODELING APPROACH

In this section, we extend the SSE-NN approach into an
EC-SSE-NN technique that further strengthens EM-based
time-domain neural modeling from frequency-domain EM
data by exploiting available knowledge in the form of lumped
ECs and empirical equations of the passive components. The
proposed EC-SSE-NN can result in time-domain neural
models with enhanced accuracies as compared to the SSE-NN,
when the same amounts of EM data are used.

A. Existing Knowledge: ECs

A rich variety of ECs that approximate high-frequency be-
haviors of electrical components are available, e.g., ECs for em-
bedded passives, shown in Fig. 2. Let values of all lumped ele-
ments in the EC of a given passive component be represented
by a real Ngc-vector pgc. An EC model typically provides
an approximation of the component behavior, but the accuracy
may not be as good as that of EM. Our proposed EC-SSE-NN
approach exploits the fundamental information provided by an

Pre = |a®,0®), . o@D, 4© 40

n 0 1 n 0 1
7b§1)7 bgl)7bgl)7 te bgl)7 b52)7 b52)7 -
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Fig. 3. Structure of the proposed EC-SSE-NN model showing the inputs, EC,
SSE-NN sub-models, and the outputs.

EC and makes up for missing EM information by an additional
neural-based sub-model.

B. EC-SSE-NN Model Structure

‘We propose to combine the EC sub-model with an SSE-NN
sub-model to form a new model, namely, the EC-SSE-NN
model in a structural format, as illustrated in Fig. 3. Inputs
z to EC-SSE-NN model consist of geometrical/physical
parameters of a passive component and outputs are EM-based
time-domain responses. For a given =z, let Y -parameters of
EM data and the EC sub-model be denoted as Y gy and Y g,
respectively. The difference AY between Y gy and Y g is to
be utilized in a manner similar to the frequency-domain neural
modeling approach of [10]. The difference in parameter Y;;
can be expressed as

AY;i(s1) =Y mm(s1) — Yijrc(s),

J=12 1=y,...,2 (€))

at a given frequency s; = jw;, where [ is the frequency index.
An MLP neural network hany in the SSE-NN sub-model
maps geometrical/physical parameters £ of passive compo-
nent to Y -parameters by extracting TF coefficients pp by
learning frequency-domain difference (x, AY). The SSEs
in the SSE-NN sub-model are used to provide time-domain
responses corresponding to AY. At the higher level of the
EC-SSE-NN model, summation of time-domain responses
from an EC and SSE-NN yields overall time-domain responses
including EM effects for any given geometrical/physical inputs
T.

C. EC-SSE-NN Model Training

A systematic training of EC-SSE-NN models is presented
in this section. We begin with a given (or best available) EC of
the passive component, and EM data (zy,dy), where k is the
index of data samples. Typically, inputs = include geometrical
dimensions and material parameters. In other words, unlike in
the frequency domain, when we refer to z here, it excludes fre-
quency. The outputs d generated from detailed EM simulations
are the two-port S-parameters. For ease of implementation, we
use Y- and S-parameters interchangeably in various phases of
model development and in model usage. Y -parameter format is

used when dealing with difference data and when combining the
EC and SSE-NN in order to provide a time-domain model con-
sistent with Kirchhoff’s laws. An S-parameter format is used to
test and refine the overall EC-SSE-NN accuracy with respect
to original EM data.

The first phase (parameter extraction (PE) or PE phase) of
training is a process to be repeated for every kth geometry,
k € T,.. The S-parameter EM training data are converted into
equivalent Y -parameters and the admittance mismatch AY be-
tween Y gy and Y ge is evaluated. This leads to sample pairs
(z1, AY (s;)), where [ is the frequency index. A PE is carried
out for the kth geometrical configuration of the passive compo-
nent to obtain corresponding TF coefficients prp. We define a
new error function £ (pry ) for the kth geometry as

2 s
pTFk %ZZZ|HU pTFkvsl) _AYij(sl)|2

j=11=j =1

(10)
where H;; is defined in (5), and [V, is the number of frequen-
cies at which EM data has been generated. The objective of the
kth PE is to determine prp ;, that minimizes F (prp ;). As men-
tioned earlier, PE is repeatéd forall k € T, i.e., for all geomet-
rical configurations in the training data. At the end of this phase,
sample pairs (zy, prp ;) are available. The PE process for each
geometry is a nonlinear optimization in ppp-space constrained
by passivity conditions derived following [20].

In the second phase (training phase), a three-layer MLP net-
work hany with N, inputs and Np outputs is trained to learn
sample pairs (z1., prr 5,) forall k, k € T,. For training purpose,
we define an error function E; (wrr) as

Z H (hann (Zk, wrr) — pTF,k)||2'
vl

Ei(wrr) = (11)

The objective of neural-network training is to adjust wrp
such that Fy(wrr) is minimized. At the end of this phase,
a neural model that accurately represents the nonlinear rela-
tionship between z and p is available. In the third phase
(model refinement phase), the Y -parameters from the SSE-NN
sub-model (which is a difference) are added to Y -parameter
approximations from the EC sub-model to produce overall
EC-SSE-NN Y -parameters, which are then converted into
equivalent S-parameters. Following this, the EM training data
is used to further refine the EC-SSE-NN model in terms of
accuracy. Let Spc—ssp—nN represent S-parameters from the
overall EC-SSE-NN model as a function of neural-network
weights wrr and frequency. The objective here is to adjust
wTr such that the error function

Es(wrr)
2 N,

2
= % Z ZZ, 1 |Sij.eM (2, 1)

kET, j=1i=j I=
— Sij BC—sSE-NN(Tk, wTF, 51) |2
(12)
is minimized. In (12), Sgnm represents S-parameters from EM
data as functions of geometry z; and frequency s;. At the end

of this step, a refined EC-SSE-NN model is available for inde-
pendent quality assessment and usage.
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Fig. 4. Flowchart showing systematic development of an EC-SSE-NN model
through various phases. Epg and Eny are user-specified accuracy criteria for
PE and neural-network training, respectively, and E\..; is the average test error
of the EC-SSE-NN model.

In the final phase (testing phase), an independent set of
frequency-domain EM data never seen during training is
used to test the quality of the EC-SSE-NN model. If the test
error is acceptable, the model is ready to be used for CAD.
Otherwise, model refinement is continued using incremental
EM data. A flowchart demonstrating the EC-SSE-NN model
development process is shown in Fig. 4. The presence of
SSEs in our EC-SSE-NN approach enables incorporation of
trained models into nonlinear circuit equations to be used in
time-domain EM-based circuit optimization.

D. Automation Mechanism for EM Data Generation

In general, training of EM-based neural models including the
proposed EC-SSE-NN require EM data, e.g., S-parameters
versus geometrical/physical parameters of a passive compo-
nent. This necessitates repetitive EM simulation for different
values of geometrical/physical parameters. The conventional
manual operation of EM simulator for this purpose is cumber-
some and demands constant human involvement. To overcome
this challenge, we formulated an automatic mechanism for

v

Define EM geometry,
boundary conditions, port definitions,
material parameters.

Define initial mesh generation
1

v
Update geometry of the
passive component

v

Update the mesh in the EM
solver (optional)

v

Activate EM solver to run
the simulation

v

Post process the EM
solution into a specified
format

Update ANN training or

> testing data file

Define new values of
geometrical parameters

T

Sample distribution method
(e.g., uniform distribution,
star distribution, DOE etc.)

More
simulations?

Fig. 5. Flowchart summarizing various steps involved in the proposed
automatic mechanism for efficient EM data generation. The mechanism has
been used to develop planar-EM and 3-D-EM drivers. Sample distributions
such as uniform distribution and star distribution [3], [4] are used to guide the
selection of new samples.

EM data generation, as shown in Fig. 5, which is implemented
into a computer-based process. Several steps involved in the
EM data generation are integrated into a unified mechanism.
The EM setup is defined only once before beginning the
data generation. Whenever the geometry changes, the driving
mechanism automatically updates inputs to the EM solver,
activates EM simulation, and processes EM solution into a
form suitable for ANN training. The proposed approach makes
data generation convenient, reduces human workload, and
avoids risk of human-induced data errors. Several drivers for
driving EM data generation such as a planar-EM driver and
three-dimensional (3-D)-EM driver have been developed, and
they helped to expedite the demonstration examples.

V. INCORPORATION OF EM-BASED NEURAL MODELS INTO
NONLINEAR CIRCUIT SIMULATION

A. HB-Based Nonlinear Simulation

The HB method is an important technique for large-signal
simulation of nonlinear periodic circuits [21], [22]. In the HB
method, the circuit under consideration is divided into linear
and nonlinear subnetworks. At high frequency, the EM effect of
passive part of the circuit needs to be represented. An EM-based
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neural model of a passive component can be included as an ad-
ditional linear subnetwork. The overall HB equation can then be
written as

I(V) + JQQ(V) +YV + YANN,EMV +I,,=0 (13)

where Y is the nodal admittance matrix of linear subnetwork,
V represents voltages in the circuit, I(V') and Q(V') represent
currents and charges of the nonlinear subnetwork, I ;¢ represents
sources, Y Ann,EM represents admittance matrix corresponding
to the EM-based ANN model, and €2 is an angular frequency
matrix.

For a two-port passive component, Y sxN,Em are supplied
by either direct frequency domain or SSE-NN or EC-SSE-NN
neural models. Evaluation of our EC-SSE-NN model involves
two steps. First, Y -parameter approximations from the EC
sub-model are computed. Second, the differences AY that
account for the missing EM effects provided by the SSE-NN
sub-model are added to the Y -parameter approximations to
obtain Y onn,gwm. It is to be noted that solving the HB circuit
(13) by incorporating EM-based neural models is much faster
than directly using CPU-intensive EM simulations.

B. Time-Domain or Transient Nonlinear Simulation

Time-domain or transient simulation is important for high-
speed circuit design such as signal integrity analysis and opti-
mization [17]. Nonlinear simulation equation for a circuit 7 with
lumped linear components and nonlinear devices is

Cri(t) + Gro(t) + F(v) = is(%) (14)

where v(t) is typically a vector of node voltages, C and G, are
constant matrices with elements determined by lumped compo-
nents, F' is a vector of functions representing currents in non-
linear devices, and i4(t) represent sources. In this section, a
more general nonlinear circuit that contains lumped linear com-
ponents, nonlinear devices, and additional linear subnetworks
(e.g., EM-based SSE-NN, or EC-SSE-NN models of passive

components) is considered. The new time-domain nonlinear cir-
cuit equations are

Cro(t) + Grv(t) + F(v(t))

Nann

+ > (PiCiwi(t) + PiD;Pv(t)) = i.(t) (15)
=1
and
o;(t) = Awi(t)+B; P o(t), 1=1,2,...,Nannx (16)

where Nany is number of SSE-NN or EC-SSE-NN models
representing the EM-based passive components, P; is an inci-
dence matrix containing +1’s and 0’s that maps the terminal
voltages of the SSE-NN/EC-SSE-NN model into the node
space of circuit 7, and w;(¢) are newly added state variables
due to the ith SSE-NN/EC-SSE-NN model. Matrices A;, B;,
C;, and D; are state—space matrices, which are formulated by
arranging the coefficients ppp estimated by hann of the ith
SSE-NN/EC-SSE-NN model into a format specific to our
choice of the TFs as (17)—-(19), shown at the bottom of this
page, and

b(n)
D;=| 1 (20)

h

Lumped elements in the EC part of the proposed
EC-SSE-NN models are supplied to C; and G, matrices
of (15). Equation (15) and (16) ensure a complete time-do-
main description of the nonlinear circuit under consideration

including both neural (SSE-NN and EC-SSE-NN) and non-
neural subnetworks.

VI. DEMONSTRATION EXAMPLES
A. EM-Based Optimization of a Three-Stage Amplifier Circuit

In this example, we develop EM-based neural models of em-
bedded resistors and capacitors and apply them to frequency-do-
main optimization of a three-stage amplifier circuit, as shown

0 1 0 0 0 0 0 0
0 0 1 0 0 0 0 0
: : 0 :
_q0  _,0 _,©@ _gn—-1) 0 0 0 0
a a a a .
Ai=1 0 0 0 0 1 0 0 {17)
0 0 0 0 0 0 1 0
L0 0 0 0 —a® O _,® _a(nfl)_ o2
_ T
0 0 1 0 0 ... 0
Bi = 10 0 00 0 2 (18)
0 n n—1 n— n 0 n n—1 n— n
C; = bgl) - a(o)b§1) bgl ) — af 1)b§1) bél) - a(o)bg1) b§1 = al 1)1’;1) (19)

b5y — a®bsy

n—1 n— n 0 n
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-->» EM based neural model of embedded capacitor trained from 3D-EM data

-->» EM based neural model of embedded resistor trained from planar-EM data

Fig. 6. Three-stage amplifier circuit in ADS showing EM-based ANN models incorporated into nonlinear circuit simulation to facilitate accurate and fast

frequency-domain optimization of the circuit at high frequencies.

in Fig. 6. Frequency-domain neural models of the embedded
passives are developed using the standard approach described
in Section II. The embedded resistor neural model has five in-
puts,ie.,z=[Lr Wgr p ergup w ]T, where the param-
eters in z are defined in Fig. 1. The model has four output pa-
rameters, i.e., y = [RS11 IS11 RS2 IS% ]T, since the
resistor used has a symmetric structure. A SONNET! driver
based on the proposed automatic mechanism for efficient EM
data generation is developed. In this example, we used a grid
sampling scheme [3] for generating EM data in the five-dimen-
sional space of z. For example, if we use seven grid points in
each geometrical/physical input dimension (i.e., Lr, Wk, p,
€r,sub) and 24 points in frequency w, the total number of sam-
ples will be in the order of 50 000—60000. A set of models
was trained for different ranges of input parameters with an av-
erage number of training samples being 55000 [23]. The av-
erage amount of time for data generation and model training is
12 h. The embedded capacitor neural model has five inputs, i.e.,
z = [Lec Tc ercap Ersub W ]T, where the parameters
in x are defined in Fig. 7. The model has six output parame-
ters, i.e., y = [RSll IS11 RS9y 1S3 RSsy 1S5 ]T.
An HFSS-driver is developed for automatically driving the An-
soft-HFSS simulator.2 A set of capacitor neural models was
trained with average amount of training data being 65 000 [23].
Data generation and model training took an average of 26 h.
The trained neural networks can be subsequently used as fast
models of resistors and capacitors representing the S-parameter
variations with respect to changes in geometrical/physical input
parameters.

These models are used to provide EM-level effects of the
embedded passive components for large-signal HB simulation
and optimization of the three-stage amplifier. The amplifier cir-
cuit consists of passive components such as embedded resis-
tors and embedded capacitors, and active devices. The FETs in
the circuit are replaced by large-signal models through an ad-
joint neural-network method [24] implemented in ADS.? The

ISONNET, ver.7.0, Sonnet Software Inc., Liverpool, NY, 2001.
2HFSS, ver. 8.0, Ansoft Corporation, Pittsburgh, PA, 2001.
3ADS, ver. 1.5, Agilent Technol., Palo Alto, CA 2001.
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Fig. 7. Geometrical structure of embedded capacitor in multilayer PCBs.
Various ANN approaches including the proposed EC-SSE-NN are used to
develop neural models of the capacitor from EM data.

Q-point of the amplifier circuit is fixed to be Vpg = 3.2V
and Vgs = —0.6 V, and EM-based frequency-domain opti-
mization of the circuit is carried out using HB in ADS. The
use of neural models allows geometrical/physical parameters
of the embedded passives to be included as optimization vari-
ables. During circuit optimization, every time the geometrical
parameters change, neural models are recalled to provide quick
estimation of the EM behavior of passive components. In this
way, repetitive and expensive executions of detailed EM simu-
lations are avoided. The results of amplifier optimization using
our EM-based neural models are shown in Fig. 8 and com-
pared with that using ideal lumped models, and that using empir-
ical/equivalent-circuit library models in the simulator. Results
from ideal and empirical models are closer to our EM-based re-
sults at low frequencies, but at high frequencies, they differ, and
EM-based solutions are more important. Figs. 9 and 10 show
the frequency- and time-domain solutions of the amplifier cir-
cuit using our EM-based neural models. This example shows
that neural networks make it much easier to incorporate EM
effects into nonlinear HB simulation and optimization, which
otherwise would be difficult to achieve with direct EM simu-
lators. The example also illustrates that effects of multiple EM
simulators such as ANSOFT-HFSS for 3-D-EM and SONNET
for planar EM, can all be made accessible and optimizable in a
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Fig. 8. Gain of the optimized three-stage amplifier circuit when
passive components are replaced by ideal lumped models (—),
empirical/equivalent-circuit library models (xxx), and EM-based ANN
models (—).
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Fig. 9. Large-signal HB solution of output voltage spectrum of the optimized
three-stage amplifier circuit when passive components are replaced by ideal
lumped models (O), empirical/equivalent-circuit library models (M), and
EM-based ANN models ().
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Fig. 10. Large-signal HB solution of output voltage waveform of the
optimized three-stage amplifier circuit when passive components are replaced
by ideal lumped models (—), empirical/equivalent-circuit library models (xxx),
and EM-based ANN models (—). Nonlinear characteristics of the circuit are
present in the EM-based solution.

high-level nonlinear HB environment such as ADS because of
the use of neural-network formulations. This aspect is summa-
rized in Fig. 11.

B. Time-Domain Optimization With Power Distribution Model
in Multilayer Printed Circuits

A multilayer PCB often contains power planes distributing
the dc supply to various components. At high signal speed, the
power plane is not an ideal conductor and the high-frequency
effects need to be considered [25], [26]. In this example, we

Ansoft-HFSS
(3D-EM)

A

yi LAl

Sonnet
(Planar-EM)

Sonnet-Driver

Neural network training of
3D-EM passive components

v ]

Incorporation of trained neural models into
HB environment using our formulation

Agilent-ADS for neural-based circuit
optimization including EM effects

Neural network training of
planar-EM passive components

Fig. 11. Incorporation of various EM-simulator-based neural models on to
a single platform through neural-based methodologies used in the amplifier
example.

illustrate physical/geometrical-based time-domain circuit opti-
mization including power-plane effects. First, we develop neural
models to learn from EM data of power plane versus geometrical
parameters. Second, these neural models are used in circuit op-
timization.

Fig. 12 shows a power plane supplying a dc source to four
IC packages. We represent power-plane effects of an IC con-
nection with the power supply by a corresponding neural model
[27]. Let (X,Y) representing the coordinates of the dc source
(Vbc) be the reference point. Let coordinates (dX;, dY;) repre-
sent geometrical location of the connection of the sth IC to the
power plane, relative to the reference point. The position of the
1th IC is given by

X; = X +dX; 1)

and
Y, =Y +4dYi. (22)
The input parameters to our power-plane neural model
include X, Y, dX;, and dY;. Varying the reference point
and the relative IC placements, data is generated at different
frequencies using EM simulation. An SSE-NN model is
developed where a three-layer MLP neural network is trained
to learn the TF coefficient versus geometry relationships using
the NeuroModeler program.5 This power-plane neural model
is then used for the optimization of transient responses in
a 4-bit board-level interconnect circuit. The circuit consists
of a power plane and several ICs, as shown in Fig. 12, with
nonlinear buffers in all IC terminal pins. The SSE-NN neural
model for the power plane is used four times with common
values of (X, Y") and different values of (dX;, dY;) to represent
connection of four ICs on the same power plane. Fig. 13 shows
schematics of the board-level interconnect circuit including
nonlinear buffers from the IC packages. The objective of
optimization is to reduce signal distortion and crosstalk in
the presence of power planes. Parameters that are changed
during optimization include (X,Y), (dX;,dY;), 1 = 1,2,3,
and 4, which also implies that the lengths (L7, L7a, Lt3) of
transmission lines change accordingly. During optimization,

4SIwave, ver. 1.1, Ansoft Corporation, Pittsburgh, PA, 2002.

5Q. 1. Zhang, NeuroModeler, ver. 1.2, Dept. Electron., Carleton Univ., Ot-
tawa, ON, Canada, 2001.
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View.

Fig. 12. Physical representation of the 4-bit board-level interconnect circuit consisting of a power plane and four ICs. In our formulation, coordinates of the dc

source (VDC) are defined as the reference point.
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Fig. 13.  Schematic of the board-level interconnect circuit with four ICs to be
connected to the power plane of Fig. 12. Signal integrity optimization of the
circuit is carried out including geometrical parameters as optimization variables
using power-plane neural models.

every time any of these variables change, the circuit responses
including power-plane effects need to be recomputed, and
fast neural models are suited for this purpose. A trapezoidal
signal with 0.1-ns rise/fall time and 2-ns duration is used as
the excitation signal. Specifications on the distortion in signals
v, and v, and on the crosstalk in v, and v, were formulated
following [17]. Optimization constraints were added such that
each transmission-line length should be at least 1 cm, and
the total length of the three transmission-line sections should
be 6.4 cm. After optimization, the distortions of v, and v,
are reduced from up to 5-V deviation from ideal down to
within 0.6-V deviation, as shown in Fig. 14. The peak-to-peak
crosstalk noise in v, and v, are reduced from 0.18 V down to
0.07 V. This example demonstrates that time-domain circuit
optimization including geometrical variables of power-plane
connections can be achieved through the use of neural-network
modeling of the power plane.

C. EM-Based Embedded Passive Modeling Using EC-SSE-NN
and Signal Integrity Optimization of a High-Speed VLSI
Interconnect Circuit

In this example, we demonstrate time-domain EM-based
models of embedded passives using the proposed EC-SSE-NN
approach and their use in EM-based signal integrity optimiza-

Ve(inV)

0 05 1 15 2 25 3 35 4 45 0 05 1 15 2 25 3 35 4 45
Time (in ns) Time (in ns)

(@) ©

i

0 05 1 15 2 25 3 35 4 45 0 05 1 15 2 25 3 35 4 45

Time (in ns) Time (in ns)

() (@

Fig. 14. Time-domain responses of the board-level interconnect circuit with
power-plane neural models before optimization (—) and after optimization (—).
(a) Signal v, . (b) Crosstalk vy. (c) Signal v.. (d) Crosstalk v4.

Coupled Transmission Line Receiver buffers

Embedded capacitors and resistors

Driver buffers

Fig. 15. 3-D illustration of a multilayer circuit with embedded resistors and
capacitors, coupled transmission lines, and nonlinear terminations considered
for EM-based signal integrity analysis using ANN approaches.

tion of a high-speed VLSI interconnect circuit shown in Fig. 15.
The overall interconnect circuit consists of transmission lines,
embedded resistors, and capacitors, and is terminated with
nonlinear buffers. EM-based models of embedded passive com-
ponents are important for high-speed PCB design [23], [28],
[29]. First, we develop EM-based neural models of embedded
resistors and capacitors employing proposed EC-SSE-NN
approaches. Second, these EC-SSE-NN models are used for
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carrying out optimization of the overall nonlinear circuit in the
time domain including geometrical parameters as variables.

D. Time-Domain EC-SSE-NN Modeling of
Embedded Resistors

EC-SSE-NN models of the embedded resistor shown in
Fig. 1 are developed. Length (L) and width (Wg) are used as
model inputs z, and real and imaginary parts of S1; and S
data are used to train the model. A SONNET-driver program
implementing the proposed automatic mechanism is used for
efficient generation of EM data using SONNET. The lumped
circuit in Fig. 2(a) is used as the EC sub-model exploiting
empirical functions, e.g.,

Lgr
= 23
WR/J (23)
Lp-W
Cy =Ch = o2 B(Ty + Th)er o (24)
T - Ty

where p is resistivity per square, T} and 75 are the distances
between the resistor and the two metal planes, and &, qup
represents substrate dielectric constant. TFs of different orders
(n = 2,3, and 4) are used to fit admittance mismatch AY
between that of the EM data and the EC sub-model. PE opti-
mization was performed in ADS with a gradient-based method.
The two geometrical variables Ly (30—60 mil with a step of
2.5 mil) and Wg (6-12 mil with a step of 2 mil) necessitated
52 PEs over a frequency ranges of interest (0.1-1 GHz with a
step of 0.1 GHz and 1-16 with a step 1 GHz). Second-order
TFs are used in the SSE-NN part of the model to represent
the difference. Optimal values of coefficients in the TFs of
(5) are determined for each geometrical configuration. A
three-layer MLP with two input neurons, 12 hidden neurons,
and eight output neurons, is trained to learn the relationship
between z and prp using sample pairs (z,prp ). The
trained EC-SSE-NN model is tested in both the frequency
and time domains using independent EM simulations and
transient data of the embedded resistor. A good agreement
between S-parameters from a full-wave EM and EC-SSE-NN
model is achieved, as illustrated in Fig. 16. For comparison
purpose, we also trained several SSE-NN and EC-SSE-NN
models using different orders of the TF and compared the
results in Table 1. For a given accuracy, the EC-SSE-NN uses
fewer EM data than pure SSE-NN. To confirm the validity
of the time-domain solution of our EC-SSE-NN, we used a
fast Fourier transform (FFT) on original EM data to obtain
time-domain test data. Such EM-based time-domain responses
agree with EC-SSE-NN model responses, as shown in Fig. 17,
confirming validity of our EC-SSE-NN model.

E. Time-Domain EC-SSE-NN Modeling of
Embedded Capacitors

EC-SSE-NN models of the square embedded capacitor
shown in Fig. 7 are developed. Inputs z include length (L)
and dielectric constant (ET,Cap), and two-port S-parameter data
is used to train the model. A lumped EC of the capacitor, shown
in Fig. 2(b), is used as an EC sub-model, where the empirical
functions for C and C, are defined similarly to (24), the func-
tion for C¢ is defined similarly to (24) with T} and T5, €, syp, iS

-2
% O Model outputs
= 6 -- EM for geometry 1 1
E — EM for geometry 2
8t )
o---o-ooceemy---o-e &
-10 ' ,
0.1 1 10
Frequency (in GHz)
4 (L----e--e-eeesaaa-----a-e- T
O Model outputs N
- -6 -- EM for geometry 1 ]
.: 8 — EM for geometry 2 J
&

Frequency (in GHz)

Fig. 16. Comparison of S-parameters from an EC-SSE-NN model and EM
data for two different sizes of the embedded resistor.

TABLE 1
MODEL ACCURACY COMPARISON BETWEEN SSE-NN AND EC-SSE-NN
MODELS FOR THE EMBEDDED RESISTOR. EC-SSE-NN MODELS ACHIEVE
BETTER ACCURACIES WITH THE SAME AMOUNT OF EM TRAINING DATA

Average test error of Average test error of

SSE-NN model proposed EC-SSE-NN model

Model order | Number of EM training data | Number of EM training data
() 600 1200 1500 600 1200 1500
2 3.96% 1.59% 0.89% 1.05% 0.68% 0.52%
3 4.33% 1.12% 0.71% 0.87% 0.54% 0.49%
4 7.30% 2.38% 1.13% 3.11% 1.78% 0.98%

replaced by T, T, and €, cap, respectively, and L are defined
following [29]. To generate training data for the embedded
square capacitor, the input parameters are varied:L¢c (2640
mil, step 2 mil) and &, cap (12.5-22.5, step 5). For each set of
L¢ and €, cap, values, a frequency sweep (0.1-1 GHz, step 0.1
GHz; 1-16, step 1 GHz) is used to generate the S-parameters.
An HFSS-driver macro-program implementing the proposed
automatic mechanism is used for efficient generation of EM
data using Ansoft-HFSS. PE has been performed 24 times in
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Fig. 17. Comparison of transient responses of an EC-SSE-NN model (O)

and EM data (—) for the embedded resistor. Three step waveform inputs with
different rise-time (0.05, 0.25, and 0.45 ns) have been considered.

TABLE 11
MODEL ACCURACY COMPARISON BETWEEN SSE-NN MODELS AND
PROPOSED EC-SSE-NN MODELS FOR THE EMBEDDED CAPACITOR. THE
EC-SSE-NN MODELS ACHIEVE BETTER ACCURACIES WITH THE SAME
AMOUNT OF EM TRAINING DATA AS SSE-NN

Average test error of

Average test error of
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Fig. 18. Comparison of .S-parameters from EC-SSE-NN model and EM data

for two different sizes of the embedded capacitor.

0.7 T T T T

o
o
T

o
o
T

SSE-NN model proposed EC-SSE-NN model

Model order | Number of EM training data | Number of EM training data
Q) 360 720 900 360 720 900

2 4.76% | 2.20% 1.28% 1.15% 0.57% 0.45%

3 3.89% 1.67% 0.93% 0.91% 0.41% 0.32%

4 6.34% 2.57% 1.43% 3.68% 2.06% 1.17%

ADS to optimize the corresponding coefficients within the
entire frequency range. Eight coefficients in prp from TF (5)
are used in the second-order SSE formulas. A three-layer MLP
with two input neurons, 12 hidden neurons, and eight output
neurons, is trained to learn the relationship between x and prp
using sample pairs (T, prp ). A good agreement between
S-parameters from a full-wave EM and EC-SSE-NN model is
achieved, as shown in Table II and Fig. 18. The time-domain
response of the EC-SSE-NN model matches well with that
using FFT of the detailed EM simulation, as shown in Fig. 19.
For comparison purpose, we also trained several SSE-NN
and EC-SSE-NN models with different orders of the TF, and
compared the results in Table II. This table shows that the
proposed EC-SSE-NN approach utilizing existing knowledge
achieves increased model accuracy compared to pure SSE-NN
while using the same amount of training data. Alternatively,
EC-SSE-NN can be used to achieve the same accuracy as
SSE-NN with fewer training data.

o
N
T

o
[N]

Output Voltage (in V)
o
w

Time (in ns)

Fig. 19. Comparison of transient responses of EC-SSE-NN model (Q) and
EM data (—) for the embedded capacitor. Three step waveform inputs with
different rise-time (0.15, 0.20, and 0.55 ns) have been considered.

F. Signal Integrity Analysis Including Geometrical/Physical
Parameters

To demonstrate EM-based nonlinear circuit optimization in
the time domain, we incorporated our EC-SSE-NN models
of embedded passives into HSPICES and performed signal
integrity simulation and optimization on the interconnect
circuit of Fig. 15 including geometrical/physical parameters as

6HSPICE, ver. 2001.2, Synopsys Inc., Mountain View, CA, 2001.
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Fig. 20. Comparison of: (a) signal and (b)—(d) crosstalk of the high-speed
signal integrity VLSI circuit including EM-based embedded resistors,
capacitors, and nonlinear terminations before optimization and after EM-based
optimization using EC-SSE-NN models.
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Fig. 21. Results showing 500 Monte Carlo time-domain responses of the
optimized signal integrity circuit including embedded resistors, capacitors, and
nonlinear terminations. The circuit is optimized using EM-based EC-SSE-NN
models of embedded passive components.

variables. A high-speed digital source with 0.1-ns rise time is
used to drive the first interconnection in the nonlinear circuit.
Length of the four coupled transmission lines is 2.78 cm. The
objective of optimization is to decrease overshoot and reduce
time delay. During optimization, the EC-SSE-NN models
allow repetitive adjustment of Lgr, Wg, L¢, and &, cap With
computational speeds much faster than detailed EM models. A
total of 44 iterations are used and the time taken for EM-based
optimization using EC-SSE-NN models is 3.50 min. Signal
and crosstalk before and after optimization are compared in
Fig. 20. We also performed statistical analysis of the circuit
using EC-SSE-NN models. Monte Carlo responses of 500
circuits with different geometrical/physical parameters are
shown in Fig. 21. Simulation time for Monte Carlo analysis
of the entire circuit using our EC-SSE-NN models is a mere
7.75 min, as compared to over 5 h required by the EM simulator

for Monte Carlo analysis of just the passive components. This
example shows that the proposed work allows the SPICE
environment, which previously does not have a full-wave EM
feature, now be extended to EM-based design with geometrical
dimensions and physical properties as variables for EM-based
time-domain CAD.

VII. CONCLUSIONS

In this paper, ANN approaches to EM-based modeling and
optimization have been presented. The EM-based neural models
have been formulated to enable EM behaviors of passive com-
ponents to interact with nonlinear behaviors of active devices
to facilitate nonlinear circuit design in the frequency and time
domains. A novel EC-SSE-NN approach combining existing
knowledge in the form of ECs, together with SSEs and neural
networks, has been proposed for developing EM-based time-do-
main models to be used in nonlinear circuit optimization. The
presented models possess advantages of compactness, ease of
implementation, and applicability to the frequency and time do-
mains. Neural networks, with combined advantages of speed
and accuracy, coupled with the ability to learn and generalize a
variety of EM component and circuit behaviors, provide a pow-
erful alternative vehicle for EM-based modeling and optimiza-
tion of high-frequency/high-speed electronic circuits.
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