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IC Modeling via Machine Learning Regressions: a
Data-Driven Approach to SPICE Integration

M. Atlante , Student Member, IEEE, R. Trinchero , Member, IEEE, I. S. Stievano , Senior Member, IEEE,
M. Telescu , Member, IEEE, N. Tanguy

Abstract—This paper presents a method for generating ac-
curate and efficient macromodels of high-speed I/O buffers.
Extending existing techniques, the proposed approach enables a
modular and scalable model generation tool based on machine-
learning. Given the limitations of traditional methods, this work
leverages kernel regression to develop SPICE-compliant models.
Two compression schemes, random selection and Nyström ap-
proximation are used and thoroughly compared to reduce the
number of expansion terms, with beneficial effects in terms of
compactness of the SPICE implementation. The effectiveness of
the method in terms of model accuracy and efficiency is stressed
through real devices and typical signal and power integrity co-
simulations.

Index Terms—Digital integrated circuits, buffer modeling,
signal and power integrity, high-speed interconnects, machine
learning, kernel regression.

I. INTRODUCTION

THE design of modern high-performance electronic sys-
tems is increasingly challenged by stringent performance

and technological constraints, which demand more complex
evaluations to ensure system reliability. Engineers must con-
duct comprehensive Signal and Power Integrity (SIPI) and
Electromagnetic Compatibility (EMC) assessments to mitigate
critical issues such as crosstalk, simultaneous switching noise,
immunity, and radiation. Advanced simulation techniques are
increasingly necessary to predict power bouncing and signal
propagation across interconnects, considering complex geome-
tries and nonlinear device behavior.

In this framework, traditional transistor-level models based
on internal physical descriptions of devices offer high accu-
racy, but are impractical due to their potential complexity
and the resulting CPU time demand. Additionally, they risk
disclosing proprietary device information or encrypted features
specific to a particular SPICE solver. On the other hand, black-
box models, such as behavioral models or macromodels, offer
a promising and efficient alternative to transistor-level mod-
els [1]. Behavioral models infer mathematical relationships
from observable responses at device ports or assume simplified
circuital equivalents [2]–[11].

The most well-known example of behavioral modeling us-
ing equivalent circuits is the Input/Output Buffer Information
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Specification (IBIS) [12]. IBIS has been the gold standard
in the industry for over thirty years, offering a structured
framework enabling the derivation of IC port models with high
numerical efficiency and broad availability. Many papers have
been published in literature, offering enhancements aligned
with the IBIS idea (e.g., see [3] and references therein). How-
ever, its reliance on predefined physical effects can constrain
its flexibility, leading to a highly structured model construction
and potentially compromising its performance in devices with
a strong nonlinear nature.

In the above modeling framework, system identification
techniques have emerged as a feasible and effective solution
for the black-box modeling of ICs from recorded waveforms
at device ports [4], [5], [13]. Among the various approaches,
machine learning (ML) techniques, particularly recurrent neu-
ral networks (RNNs), have demonstrated high accuracy and
adaptability in this context [9], [14]–[16]. However, their
high computational demands and complex integration into
simulation environments present significant challenges. Conse-
quently, simpler yet effective alternatives are gaining attention.

Kernel regression techniques, particularly those based on
feedforward architectures, offer a compelling balance between
accuracy and simplicity. Using a nonlinear autoregressive ex-
ogenous (NARX) representation, kernel-based models achieve
high fidelity while remaining compatible with standard sim-
ulation tools. This paper extends the published results and
proposes compact SPICE-compliant models for IC buffers,
employing kernel ridge regression (KRR) to accurately capture
IC behavior, including power supply fluctuations [17]. This
work presents a more rigorous formulation of the proposed
NARX modeling approach, an in-depth discussion of the
SPICE implementation, and an improved compression strat-
egy based on adaptive Nyström approximation. Furthermore,
the validation campaign is significantly expanded to include
comparisons with IBIS models and a second test case fea-
turing a custom low-voltage buffer with a non negligible I/O
delay, thereby confirming the generality and scalability of the
proposed method.

The remainder of this paper is organized as follows. We
begin by introducing the problem under investigation in Sec-
tion II, outlining its challenges. Next, we provide an overview
of the mathematical background of KRR in Section III.
Section IV presents a discussion on the implementation of
the model equations in a SPICE environment. To improve
efficiency, Section V explores two different approaches for
compressing the kernel matrix. We then assess the accuracy
and performance of the proposed regression model on two
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test cases in Section VI. Finally, the paper concludes with a
summary of key findings and potential directions for future
work in Section VII.

II. PROBLEM STATEMENT

This section introduces the modeling problem addressed in
this paper. When it comes to IC modeling, only the external
layer − also known as the input/output (I/O) layer − is
typically modeled. This is because it serves as the interface
between the external interconnect and the internal core, which
is more conveniently described using high-level description
languages. The I/O layer is responsible for both loading and
terminating the interconnects.

For simplicity, the discussion focuses on single-ended out-
put buffers, like the one shown in Fig. 1, even if the proposed
approach is general and it can be applied to more complex
structures and alternative device technologies.

Fig. 1. Representation of a typical IC output buffer (driver) including its
relevant electrical input and output variables.

The dynamic behavior of digital IC drivers arises from non-
linear interactions involving voltages, currents, and external
factors such as supply variations and load conditions. Without
loss of generality, the relationship among the input, output,
and power supply ports can be described via the following
implicit dynamic and nonlinear characteristic:

g

(
u(t),y(t), t,

d

dt
, . . . ,

dp

dtp

)
= 0, (1)

where g(·) is a general nonlinear dynamic function, the input
vector u(t) = [v1(t), v2(t), v3(t)] represents port voltages
(input, output, supply), while the output vector y(t) =
[i2(t), i3(t)] includes the currents at the output and supply
ports, respectively.

To enable numerical modeling, all time-domain signals are
sampled uniformly with period Ts, resulting in the correspond-
ing discrete-time variables:

uk = [v1,k, v2,k, v3,k] and yk = [i2,k, i3,k], (2)

where k is the discrete-time index, such that t = kTs, uk

represents the input vector (e.g., the voltages at the device
ports), while y

(i)
k (for i = 1, 2) denotes each output variable

at the k-th time step, corresponding to i2(kTs) and i3(kTs).
After discretization, the dynamic equation in (1) is refor-

mulated in terms of a Nonlinear Output Error (NOE) model
given by the following recursive equation [18], [19]:

ŷ
(i)
k = fi(uk, . . . ,uk−p, ŷ

(i)
k−1, . . . , ŷ

(i)
k−p), (3)

where uk is the input vector, ŷ(i)k is the i-th output at time
step k, and the parameter p denotes the model order. Whilst
fi represents a generic nonlinear recurrent map defining the
NOE modeling in which the model prediction at a given time
step depends on the predictions of the model at previous p
time steps.

In the above scenario, building a model of an IC driver turns
out to be equivalent to learning the recurrent nonlinear map fi
associated with each output from observed input-output data
samples. The latter will be the goal of this paper, along with
the implementation of the resulting model into a SPICE-like
solver.

III. SYSTEM IDENTIFICATION VIA NARX MODELS WITH
KERNEL RIDGE REGRESSION

Accurately modeling the nonlinear dynamics of the port
variables of IC buffer, and in general of electronic circuits,
requires the availability of flexible regression techniques.

Recursive regression techniques, such as RNNs [16], [18],
[19], can be applied to learn the recurrent map fi of the NOE
model in (3) from the training set DNOE = {(xj , y

(i)
j )}Lj=1+p,

collecting the observed input-output data samples, in which the
vector xj = [uj , . . . ,uj−p] collects the current and past val-
ues of the model inputs and y

(i)
j represents the corresponding

current output value.
However, the learning problem associated with the NOE

model is not fully compatible with the inherent feedforward
structure of conventional kernel regression [18], [19]. While
a recurrent formulation of kernel regression is theoretically
possible, its training would require solving a non-convex
optimization problem. This significantly limits its advantages
over alternative regression techniques, such as RNNs, leading
to a complex learning process and requiring a large number
of training samples [18]–[21].

NARX models allow overcoming the above limitation by
eliminating recursion from the learning phase, making them
fully compatible with the standard feedforward structure used
by kernel regressions [17]–[19], [22]. The NARX model can
be formalized as:

ŷ
(i)
k = fi(xk, y

(i)
k−1, . . . , y

(i)
k−p), (4)

where at each time step the model prediction ŷ
(i)
k is obtained

by evaluating fi on the input xk and on the true output values
y
(i)
k−1, . . . , y

(i)
k−p.

To learn the NARX model in (4) from data, the transient
responses of the input and output waveforms must be orga-
nized into the dataset DNARX = {(x̃l, y

(i)
l )}Ll=1+p. Unlike the

NOE dataset DNOE , where past predicted outputs are used as
inputs, the NARX dataset incorporates the true output values.
Specifically, the column vector x̃l = [xl, y

(i)
l−1, . . . , y

(i)
l−p]

T

defines the input training features which include the input
samples in xl and the true past outputs y

(i)
l−1, . . . , y

(i)
l−p.
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Given the dataset DNARX, the KRR can be used to approx-
imate the NARX model in (4) as:

ŷ
(i)
k =

L∑
l=1+p

α
(i)
l ki(x̃l, [xk, ŷ

(i)
k−1, . . . , ŷ

(i)
k−p]

T )), (5)

where ki(·, ·) is the chosen kernel function measuring the
correlation in the input space, and α

(i)
l are the regression

coefficients learned during the training phase.
The regression coefficients α(i) are calculated as the ones

that minimize the following regularized least-squares problem,
which in matrix form is written as:

min
α(i)

∥y(i) −K(i)α(i)∥2 + λ(i)(α(i))⊤K(i)α(i), (6)

where y(i) = [y
(i)
1+p, . . . , y

(i)
L ]⊤ denotes the vector of target

outputs, K(i) is the Gramian kernel matrix obtained by eval-
uating the kernel on the input training pairs, and λ(i) is the
hyperparameter associated with the regression regularizer [23],
[24].

The regression unknowns α(i) can be computed by solving
the learning problem in (6) in closed form. This leads to the
following equation, which involves solving a linear system:

α(i) = (K(i) + λ(i)I)−1y(i), (7)

where I is the identity matrix.
In this work, we use the Radial Basis Function (RBF)

kernel, defined as:

k(i)(x,x′) = exp

(
−∥x− x′∥2

2σ2
i

)
, (8)

where σi is a kernel hyperparameter controlling the smooth-
ness of the mapping. The Gaussian RBF kernel is chosen for
its simplicity, making implementation in circuit solvers easier,
and for its flexibility across various applications.

For each considered output, the hyperparameters to be
optimized are the regularization coefficient λ(i) and the kernel
parameter σi. Those parameters are optimized on the valida-
tion set using a Bayesian optimization scheme. The search
ranges are defined logarithmically as λ(i) ∈ [10−11, 101] and
σi ∈ [10−2, 105].

IV. SPICE IMPLEMENTATION

This section describes a circuit implementation of the KRR
model in (5) within SPICE-like solvers. The netlist defining
the subcircuit that encapsulates the buffer model is outlined
below, using HSPICE syntax.

* BUFFER MODEL
* Sampling time = TS
* MODEL ORDER = p
.subckt KRR_buffer_model 1 2 3 4
.param TS = ...
.param p = ...

* MODEL IMPLEMENTATION (output, i2)
G22 4 22 cur = ’g2(v1,v2,v3,i2)’
V2 22 2 0 *i2

* MODEL IMPLEMENTATION (power supply, i3)
G33 33 4 cur = ’g3(v1,v2,v3,i3)’
V3 3 33 0 *i3

* I/O variables u=(v1,v2,v3); y=(i2,i3)
E5 500 0 1 0 1 * v1
E6 600 0 2 0 1 * v2
E7 700 0 3 0 1 * v3
H8 800 0 V2 1 * i2
H9 900 0 V3 1 * i3
.ends

The external pin labeled as 1, 2, 3 and 4, correspond
to the pertinent physical terminals allowing the definition of
the input port voltage v1(t) = V(1,4), output port voltage
v2(t) = V(2,4) and power supply voltage v3(t) = V(3,4),
with 4 being the reference node. The above definition is
coherent to the voltage variables defined in the schematic of
Fig. 1. Also, the port currents i2(t) and i3(t) are defined in the
subcircuit as the currents flowing through the probing voltage
sources V2 and V3, respectively.

Based on the above discussion, the involved electrical
variables can be conveniently reinterpreted as the voltages at
nodes in the range between 500 and 900 in the bottom part of
the netlist. For this, voltage-controlled (element E) or current-
controlled (element H) voltage sources are used, with a unitary
scaling factor. The core of the netlist is represented by the
behavioral controlled current sources G22 and G33, one for
each model’s output variables i2 and i3, respectively.

As an example, the NARX model in (5) associated to i2
at anytime instant t is explicitly defined via the behavioral
current source G22, where the function g2 implements the
weighted sum of the kernel functions, such that:

i2(t) =

L∑
l=1+p

α
(1)
l exp

(
− [·]l
2σ2

1

)
, (9)

where according to the definition of the Gaussian RBF kernel
in (8), the terms [·]l provide the square of the Euclidean
distance between the current regressor vector and the l-th
training sample, which can be expressed as:

[·]l = (v1(t)− x̃l1)
2
+ · · ·+

(
v1(t− pTs)− x̃l(p+1)

)2
+ · · ·(

v2(t)− x̃l(p+2)

)2
+ · · ·+

(
v2(t− pTs)− x̃l(2p+2)

)2
+ · · ·

,

(10)

where all the training samples x̃lj used in the computation are
stored in the matrix x̃ constructed during the training phase
of the model. The subscripts of x̃ allows picking the entries
of the l-th row of the matrix, and specifically the coefficients
corresponding to the columns from 1 to (4p + 3), being the
latter index due to the present and past samples, i.e., (p+ 1),
of each input (i.e., v1, v2, and v3) and the past p samples of
the output, i2. The above expansion has been implemented
using the set of standard mathematical operators such as EXP
(exponential function) and POW (power function) available in
any SPICE engine.

The SPICE implementation in (9) makes use of past samples
of the voltage and current variables discretized at specific time
instants. These samples can be conveniently obtained using a
chain of matched transmission lines, each introducing a delay
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Fig. 2. Matched transmission line chain used to implement a delay of p
samples for the port voltage v1, with TD = Ts and Z0 = 50Ω.

equal to the sampling period Ts. As an example, Fig. 2 shows
the schematic of the delay line associated to the voltage v1.
Similar structures are used for all the involved variables. The
HSPICE implementation of above structure is shown below.

* Transmission lines for the variable v1
* (e.g. with p=4)

T51 500 0 501 0 Z0=50 TD=TS
T52 501 0 502 0 Z0=50 TD=TS
T53 502 0 503 0 Z0=50 TD=TS
T54 503 0 504 0 Z0=50 TD=TS
R55 504 0 50

It is important to remark that the computational complexity
of the proposed SPICE implementation grows with the number
of expansion terms in the kernel model of (5), which is equal
to the number of training samples, and with the dynamic order
p. The latter determines the actual dimension of the input
feature space, as it defines how many past samples should
be considered for each variable.

These parameters directly affect the terms in the behavioral
sources g2 and g3. Among these parameters, and for a given
device, the only one that can be possibly adjusted is the
number of expansion terms. This observation underscores the
significance of model compression in achieving a compact
and computationally efficient implementation. This aspect is
thoroughly examined in Section V, where the effects of com-
pression techniques on accuracy and performance are assessed,
building on the analysis previously presented in [17], [22].

V. COMPRESSION STRATEGIES FOR KERNEL-BASED
NARX MODELS

The modeling of dynamical systems from transient data
poses a challenge due to the potentially long sequence of
system response samples. As noted in Section IV, this results
in a large number of training samples, which can reduce
the efficiency of implementing the model in a SPICE-like
solver. Indeed, the number of regression coefficients and kernel
function evaluations Kx in (9) is directly proportional to the
number of training samples. To mitigate the above issues,
this Section presents two different compression strategies: the
random sampling and Nyström approximation. As a general
rule, the reduced number of coefficients (hereafter denoted as
m) is initially set to a relatively small value -typically a few
dozen - and gradually increased, provided that the accuracy
on the validation set of the reduced model is maintained.

A. Random Selection

Random sampling simplifies the kernel expansion in (5),
thereby accelerating both training and inference. This approach

is particularly effective when the dataset contains highly
correlated samples, as discarding some points has minimal
impact on overall model performance. The idea is to train
the model on a randomly selected subset of m ≪ L samples
from the full dataset of size L [22].

We denote by R = {r1, . . . , rm} ⊂ {1, . . . , L} a set
of m distinct indices selected uniformly at random without
replacement. Each index rj is drawn from a discrete uniform
distribution, i.e.,

rj ∼ Ud(1, L), with ri ̸= rj for i ̸= j. (11)

The corresponding reduced dataset is defined as DRND =

{(x̃l, y
(i)
l )}l∈R ⊂ DNARX.

From this subset, the matrix K̄(i) is built, and the new
coefficients ᾱ(i) are computed using (7), where the bar no-
tation indicates quantities derived from the reduced set. These
coefficients are then used in (5) for predicting the system
output.

ŷ
(i)
k =

∑
l∈R

ᾱ
(i)
l ki(x̃l, [xk, ŷ

(i)
k−1, . . . , ŷ

(i)
k−p]

T ). (12)

However, the randomness of the selection process may lead
to subsets with overly similar samples, potentially omitting
critical information and increasing performance variability.
Moreover, the samples that are not selected for training are
completely discarded, meaning they do not contribute to the
training process in any way.

B. Nyström Compression

The Nyström approximation offers a more advanced and
reliable alternative to random sampling by constructing a low-
rank approximation of the kernel matrix using a subset of
strategically chosen data points, known as landmarks.

Rather than computing the full kernel matrix explicitly,
the Nyström method approximates it by selecting a small
number of representative columns, m ≪ L, that capture the
essential structure of the dataset. This significantly reduces
computational complexity, making it especially suitable for
large-scale applications where efficiency is critical.

Unlike random sampling, which may overlook key data
regions, the Nyström method provides a more structured and
robust approximation by focusing on informative columns
[25]. The kernel matrix K(i) is approximated by selecting
a subset of m columns indexed by N , while the remaining
columns correspond to the rest of the data:

K(i) ≈ K̃(i) = K
(i)
Lm(K(i)

mm)−1(K
(i)
Lm)⊤, (13)

where K
(i)
mm is an m×m submatrix containing kernel evalua-

tions between the selected points, and K
(i)
Lm is an L×m sub-

matrix containing kernel evaluations between all data points
and the selected ones.

The objective function in (6) can be reformulated as:

min
α(i)

∥y(i) −K
(i)
Lmα(i)∥2 + λ(i)(α(i))⊤K(i)

mmα(i), (14)

leading to the closed-form solution for the coefficients α̃(i):
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α̃(i) = ((K
(i)
Lm)⊤K

(i)
Lm + λ(i)K(i)

mm)−1(K
(i)
Lm)⊤y(i). (15)

The quality of the approximation depends heavily on the
selected columns. A basic approach is to sample them ran-
domly [17]. Even though this simple approach does not
guarantee that the minimal and optimal subset of landmarks is
considered, potentially compromising the effectiveness of the
compression.

Therefore, a more advanced selection scheme is considered
in this work. Starting from a small initial set, columns are
iteratively added by greedily selecting those that most reduce
the current approximation error. The process repeats until m
columns are selected. The above adaptive strategy is summa-
rized in Alg. 1.

Algorithm 1 Nyström Approximation with Greedy Adaptive
Column Selection
Require: Data matrix x̃, kernel function ki(·, ·), initial subset

size n, number of iterations T = (m− n)
Ensure: Approximated kernel matrix K̃(i)

Select n columns randomly from K(i)

Compute initial approximation K̃(i) using eq. (13)
for t = 1 to T do

Compute error matrix E = |K(i) − K̃(i)|
Compute column-wise error: e =

∑
E

Set ej = 0 for all j ∈ N to avoid reselection
Identify j∗ = argmaxj(ej)
Add j∗ to N and update the landmark set
Recompute K̃(i) using eq. (13) with the new set

end for

Let us N denote the set of indices selected iteratively by
the adaptive procedure in Algorithm 1. The associated reduced
dataset is DNYS = {(x̃l, y

(i)
l )}l∈N ⊂ DNARX.

From this subset, the final approximated matrix K̃(i) is built,
and the coefficients α̃(i) are computed using (15). These are
then used in (5) to generate the model predictions:

ŷ
(i)
k =

∑
l∈N

α̃
(i)
l ki(x̃l, [xk, ŷ

(i)
k−1, . . . , ŷ

(i)
k−p]

T ). (16)

While both random sampling and Nyström approximation
reduce the number of coefficients α(i), the Nyström method
provides a more structured compression by approximating the
kernel matrix directly, preserving its internal structure.

VI. APPLICATION EXAMPLE

To assess the proposed modeling approach, we test it on
two buffer circuits with distinct features, serving as controlled
benchmarks for accuracy, robustness, and generalization.

All simulations and model training are carried out on a Dell
Precision 3490 equipped with an Intel Core Ultra 7 processor
and 64 GB of RAM. MATLAB R2024b is used for training
and optimization, while circuit-level simulations are performed
using HSPICE U-2023.03-SP1 (WIN64).

A. Device A: Commercial Buffer

The first test case is a legacy 8-bit bus transceiver from
Texas Instruments (model SN74ALVCH16973), operating at
a nominal supply voltage of VDD = 1.8V. This device
is particularly suitable for benchmarking purposes due to
the availability of both its SPICE-level transistor description
and corresponding IBIS model, provided by the vendor. The
transistor-level implementation serves as a trusted reference
for all subsequent validations.

Custom scripts are used to generate training data, preprocess
waveforms, and configure the model. The input signal v1(t) is
defined by the predefined bit sequence ”010100”, with 20 ns
bit period and 1 ns rise/fall time. To introduce some variabil-
ity, the timing of the first transition event is stochastically
perturbed across data subsets.

Training is performed across four distinct load conditions
to capture a range of realistic scenarios. To emulate non-ideal
power delivery, the supply voltage is forced by a source to
have a flat behavior in the initial part of the transient with a
stepwise waveform with ±5% relative fluctuations around the
nominal power supply in the second part (see Fig. 3). The four
loads are:
(1) A matched transmission line with a characteristic

impedance of 60Ω and a delay of 10 ns, terminated by
a 100Ω resistor. The power supply pin is connected to a
lumped RL equivalent of a typical power net driven by
the above mentioned voltage source;

(2) An open-ended transmission line with 75Ω impedance
and 4 ns delay. The power supply source is directly
connected to the supply pin;

(3) A lumped RC load comprising a 50Ω resistor in series
with a 10 pF capacitor to ground. The power supply
configuration is the same as in (2);

(4) A lumped resistive load of 150Ω. The power supply
configuration is the same as in (1);

KRR models are generated by feeding the proposed tool
with the above waveforms sampled at Ts = 285 ps, yielding
L = 1680 time-domain samples. A dynamic model order of
p = 4 is employed. Model performance is tested on a fifth,
independent configuration (see the last part of the transient
curves in Fig. 3), featuring a 50Ω transmission line with a
3 ns delay and an open-ended termination. The power network
included a decoupling capacitor, followed by a lumped RL
power supply network connected to the nominal power supply.

As an initial comparison, Fig. 4 shows the validation re-
sponses of the example device, alongside those generated us-
ing the full KRR model. The error, calculated as the difference
between the reference and model responses, is also presented.
Figure 5 shows a similar comparison in which the IBIS v3.2
model of the example device is used, as this is the only version
available on the vendor’s webpage. The IBIS model responses
include the typical, slow, and fast corner cases. On one hand,
this comparison demonstrates how the proposed automatic
procedure, which involves feeding the KRR estimation with a
set of transient responses, allows for the generation of accurate
KRR models for both the output and power supply currents.
Additionally, despite some non-negligible differences, IBIS
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Fig. 3. Voltage and current responses across different load configurations (Device A). Each section, delimited by vertical dashed gray lines, corresponds to
a distinct load condition used during training. The final segment, highlighted with a shaded blue background and labeled TEST, represents the configuration
reserved for model validation. The top subplot shows the port voltages (in V): the input voltage v1(t) (black dashed line), the output gate voltage v2(t) (blue
line), and the supply voltage v3(t) (magenta line). The bottom subplot shows the corresponding port currents (in mA): the output current i2(t) (blue line)
and the supply current i3(t) (magenta line).

offers a functional model that offers reasonable performance.
Discrepancies may arise when IBIS models are used without
custom precise modeling or golden validation. The goal of this
comparison is not to highlight the inaccuracies of the IBIS
approach, but rather to showcase the viability of the proposed
tool as a reliable alternative.

Fig. 4. Comparison between the reference simulation (REF) and the full
kernel ridge regression model (FULL) for the port currents i2(t) and i3(t)
of Device A during the validation phase. The bottom plot shows the absolute
prediction errors.

To further dig into the potential of compressed KRR mod-
eling, a comprehensive summary of model performance under
different compression strategies is reported in Table I. The

Fig. 5. Transient response of the port current i2(t) of Device A during the
validation scenario. The reference simulation (REF) is shown as a solid black
line, while the IBIS model (version 3.2) typical case is represented by a dashed
red line. The gray lines correspond to the IBIS fast and slow corner cases.

table details: (i) the modeling technique employed (FULL
dataset, i.e., no compression, Random sampling, or Nyström),
(ii) the number of expansion terms L or m, (iii) the CPU
simulation time in HSPICE for reproducing the validation test,
and (iv, v) the average absolute error in predicting the output
and the power supply currents. For the compressed models
(m = 700 and m = 200), five independent simulations are
executed, and the best-performing configuration is retained.

The training time of the KRR model remains manage-
able overall, although it varies significantly depending on
the dataset size and the approximation method employed.
Specifically, the uncompressed model requires approximately
70 seconds for training. When using random subset selection,
training takes around 20 seconds for m = 200, and about 30
seconds for m = 700. In contrast, the Nyström method with
column selection is more computationally demanding, though
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it still executes within tens of seconds, requiring approximately
50 seconds for m = 200 and up to 200 seconds for m = 700.

TABLE I
PERFORMANCE OF COMPRESSION STRATEGIES (DEVICE A)

Model Exp.
Terms

CPU time
HSPICE (s)

Avg err i3
(mA)

Avg err i2
(mA)

FULL L = 1680 35.18 0.53 0.71

Random
m = 700 15.12 1.91 1.51

m = 200 4.92 3.02 3.45

Nyström
m = 700 15.73 0.64 0.72

m = 200 5.02 0.82 0.85

The results indicate that the Nyström method yields con-
sistently superior accuracy relative to random sampling, es-
pecially for smaller dataset sizes. Although the full model
achieves the best performance overall, the Nyström approach
emerges as a compelling compromise between precision and
computational efficiency, offering substantial reductions in
simulation time with only marginal accuracy losses. It is
important to point out that the table above presents results
for only two values of m, which are fixed in the quantitative
analysis for this example and the next one to ensure a fair
comparison between the two compression strategies.

Fig. 6. Validation results for the output current i2(t) of Device A using
compressed models. The top and middle panels compare the predictions
obtained with random (RND) and Nyström (NYS) compression methods,
respectively, against the reference simulation (REF). The bottom panel shows
the absolute error in each case.

To further emphasize the implications of compression,
Fig. 6 illustrates the variability of model predictions under
both sampling techniques with m = 200 and five runs of
compression. The top panel shows the envelope of predicted
current waveforms i2(t), while the bottom panel quantifies
the mean absolute error (MAE) over time. This comparison
highlights how random sampling introduces greater response
dispersion and model variance, due to its unstructured selec-
tion process, as evidenced by the wide red band in the figure.

In contrast, Nyström-based models demonstrate significantly
lower variance, thanks to their structured column selection
strategy.

B. Device B: Custom Low-Voltage Buffer with Delay

A second custom device targeting high-speed, low-power
memory interfaces is selected to further stress the modeling
pipeline. This buffer operates with a nominal core voltage
of VDD = 1V and an I/O voltage of VDD IO = 1.2V. For
this device, we choose a sampling interval of Ts = 42 ps
and a dynamic model order of p = 6. A peculiar feature of
this device is the presence of a non-negligible delay between
the input voltage v1(t) and the output response v2(t). This
delay is quantified and discretized into d discrete time samples
(d = 12). As a result, the model structure in (4) undergoes a
slight modification, where the present and past samples of the
variables v2, v3, i2 and i3, which feed the model equation, are
all delayed by the same amount d. The SPICE implementation
is accordingly adjusted to reflect this modification.

To preserve consistency and comparability, we retain the
overall structure adopted for the previous device. Input stimuli
are again synthesized in MATLAB, using logical bitstreams
with TBIT = 5 ns and TRF = 0.5 ns, and including stochastic
perturbations on the initial transition. Power supply variations
of ±5% are introduced as before, targeting the VDD IO rail.

A KRR model is trained using the resulting dataset and
validated via HSPICE simulations, in line with the previous
example. Comparison with the transistor-level reference con-
firmed the model’s ability to faithfully reproduce the device
behavior. Table II reports quantitative results for this buffer,
including the full model and compressed variants based on
random selection and the Nyström method. The same structure
of the table discussed above is used, thus confirming the same
outcome already discussed for the first example device, high-
lighting that the Nyström method offers a win-win solution
for generating accurate and faster IC models.

TABLE II
PERFORMANCE OF COMPRESSION STRATEGIES (DEVICE B)

Model Exp.
Terms

CPU time
HSPICE (s)

Avg err i3
(mA)

Avg err i2
(mA)

FULL L = 2866 80.64 0.58 0.23

Random
m = 700 19.87 0.65 0.36

m = 200 6.55 1.05 0.63

Nyström
m = 700 18.12 0.61 0.25

m = 200 7.12 0.64 0.27

Figure 7 compares the reference validation responses of
Device B for both output and power supply signals with the
predictions from the full model and the most compressed
Nyström model. The Nyström method maintains excellent
agreement with the reference simulation, even at the highest
compression level (m = 200), confirming its robustness and
efficiency.
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Fig. 7. Validation results for Device B showing output and supply voltage
waveforms. Each panel compares the reference simulation (REF) with the
predictions of the full model (FULL) and the most compressed Nyström model
(NYS). The plotted signals are the output currents i3(t) and i2(t), the supply
voltage v3(t), and the output voltage v2(t).

VII. CONCLUSIONS

This study presented a data-efficient modeling strategy for
IC buffers based on KRR. By incorporating a compression
scheme, the approach effectively reduces model complex-
ity while preserving high accuracy. The results demonstrate
that the proposed method maintains strong agreement with
reference simulations, even under substantial data reduction.
Additionally, its compatibility with SPICE-like environments
confirms its suitability for scalable and practical integration
of this class of behavioral IC models into signal and power
integrity workflows.
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