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Abstract—This paper introduces a fully behavioral machine
learning methodology for generating compact and accurate
models of IC buffers. The proposed approach leverages a vector-
valued implementation of the kernel Ridge regression to construct
models based on observations of device transient responses
recorded during normal operation. A key focus is placed on
developing an efficient compression scheme to minimize model
complexity (i.e., the number of regression coefficients), resulting
in a compact mathematical representation that can be efficiently
integrated into any SPICE-based solver.

Index Terms—digital integrated circuits, buffer modeling, sig-
nal integrity, high-speed interconnects, kernel regression.

I. INTRODUCTION

For decades, the signal and power integrity community has
focused on the development of accurate and efficient simula-
tion models of digital IC buffers to be used for the quality and
reliability assessment of high-speed digital channels.

This trend has been largely driven by the development
of the Input/Output Buffer Information Specification (IBIS),
supported by electronic design automation (EDA) tools and
silicon vendors [1]. IBIS promotes a modeling approach based
on fundamental building blocks representing the functionalities
of key elements within IC buffers. Despite the widespread
adoption of IBIS, the research community has continued to
explore alternative solutions aimed at enhancing accuracy
and/or simplifying the model generation process [2]–[4].

With the rapid advancement of machine learning (ML) tech-
niques, behavioral modeling approaches for IC buffers based
on recurrent neural networks (RNNs) have gained significant
attention due to their structural flexibility and accuracy [5], [6].
On the other hand, the training of such kind of model can be
computationally expensive, since it requires the solution of a
non-convex optimization problem and the tuning of several
hyperparameters (e.g., number of layer, number of neuron,
etc...). Moreover, due to their inherently nonlinear formulation
and complexity of RNN structures, their implementation in

SPICE-like circuital solver is rather complex and usually it
is done in advance hardware description languages, such as
Verilog-A [6].

In the above modeling framework, kernel regressions can
be seen as a promising alternative for the development of
accurate and compact behavioral models of IC buffers [7].
The underlying idea is to use traditional feedforward kernel
regressions together with a nonlinear autoregressive exogenous
(NARX) model of the system. This approach results in a
linear model with respect to its parameters with a small set of
hyperparameters to tune, thus potentially simplifying its direct
implementation into SPICE-like solvers.

In this work the vector-valued kernel Ridge regression (VV-
KRR) [8] is adopted to capture the dynamical nonlinear be-
havior of a single-ended IC buffer incorporating the effects of
power supply fluctuations and the modeling of both the output
and power supply currents. The model is built directly from a
set of observations of the IC port transient responses during
normal device operation. Moreover, a preliminary compression
scheme is proposed to reduce the overall complexity of the
obtain model, with the aim of providing a compact, accurate
and efficient implementation in any SPICE compliant solver.

II. IC MODELING VIA KERNEL RIDGE REGRESSION

Let us consider the problem of building a dynamical model
for the electric port variables of the IC driver shown in Figure 1
in terms of the following NARX model [7], [9], [10]:

ŷk = f(yk−1, . . . ,yk−p,uk, . . . ,uk−p), (1)

where f is a generic nonlinear mapping, yk = [y
(1)
k , y

(2)
k ] =

[i2,k, i3,k] and uk = [v1,k, v2,k, v3,k] represent the true output
vector and corresponding input vector collecting the voltages
and currents at the device ports at discrete time index k (e.g.,
i2,k = i2(kTs), being Ts the assumed sampling period), and
ŷk is the estimated output at the discrete time k. The value p
denotes the model order.



Fig. 1. Illustration of a typical IC driver with its relevant input and output
electrical variables.

The VV-KRR in [8] can be suitably adopted to build the
vector-valued NARX model in (1) using as training data
D = {(x̃l,yl)}Ll=1+p, where x̃l = [xl,yl−1, . . . ,yl−p]

T in
which the vector xl = [ul, . . . ,ul−p] collects the current and
past discrete samples of the input variables [9], [10]. Applying
the block-diagonal formulation of the VV-KRR (see [8] for
additional details), the model for the generic i-th output at the
k-th time instant writes:

ŷ
(i)
k =

L∑
l=1+p

α
(i)
l Kx(x̃l, [xk, ŷk−1, . . . , ŷk−p]

T ), (2)

where ŷ
(i)
k , with i = 1 and 2, is the actual prediction of the

model for the i-th output, {α(i)
l }Ll=1+p are the corresponding

model coefficients to be estimated during the training and
Kx(·, ·) is a conventional scalar kernel function acting on the
input space.

For each output, the coefficients α(i) = [α
(i)
1+p, . . . , α

(i)
L ]T

are estimated using the training set D by solving the following
linear system [8]:

α(i) = (Kx + λI)−1y(i), (3)

where I is the identity matrix and Kx is the Gramian matrix of
the kernel acting on the input space, with elements [Kx]kj =

Kx(x̃k, x̃j). The vector y(i) = [y
(i)
(1+p), . . . , y

(i)
L ]T collects the

training samples for the i-th output, and λ serves as a Tikhonov
regularization parameter. In this work, a Gaussian Radial Basis
Function (RBF) kernel is used. All the model hyperparameters
are tuned using the validation set.

It is important to note that, thanks to the block-diagonal
kernel structure used in the considered implementation of the
VV-KRR, the number of hyperparameters to be tuned during
the model training is independent of the number of the output
variables. This is because the Gramian kernel matrix Kx, the
regularization parameter λ and the kernel function Kx in (3)
are shared across all output dimensions. This characteristic
simplifies the SPICE implementation in the next section.

III. MODEL COMPRESSION & SPICE IMPLEMENTATION

The modeling of dynamical systems from transient data has
the inherent weakness of dealing with a possibly long sequence
of samples arising from the system responses. This leads to a
large number of training samples which can negatively impact
the efficiency of a possible implementation of the model in a

SPICE-like solver. In fact, the number of coefficients and of
evaluations of the kernel function Kx in (3) is equal to the
number of training samples (i.e., Ntrain = (L− 1− p)).

Taking inspiration from advanced compression methods
for kernel regressions [8], [11], this work presents a sim-
ple model compression scheme. Specifically, the model is
trained by using a subset of Ntrain = (L̄ − 1 − p) samples
D̄ = {(x̄l, ȳl)}L̄l=1+p, with D̄ ⊆ D, randomly chosen without
replacement from the original training set D, leading to a
compressed and compact model with beneficial effects on the
training and prediction time, without compromising the model
accuracy. This can be justified by the usual high correlation
among samples of the transient responses.

The equations of the compressed model are then imple-
mented in LTSpice using behavioral sources for the currents
i2 and i3 (i.e., the model outputs) as a function of the port
voltages observed at the present and past time samples, taking
advantage of the fact that the same kernel function Kx in (3)
is used by all the outputs. It is important to notice that, with
SPICE commands, the observation of a variable at a given past
instant is convenientely carried out via a matched transmission
line with a fixed delay (e.g., (k−1)Ts) driven by a controlled
voltage source fed by the variable of interest (e.g., v1).

IV. RESULTS

The results collected in this section are based on the
commercial Texas Instruments transceiver SN74ALVCH16973
with nominal power supply voltage VDD = 1.8 V. The
HSPICE transistor-level description provided by the vendor
is used as the reference to compute the model responses.

Four alternate set of responses are used for the model
training: #1) an open-ended transmission line with 75Ω char-
acteristic impedance and 1.5 ns delay; #2) a lumped 50Ω
resistor in parallel to a 10 pF capacitor; #3) a series connection
of a 50Ω resistor and the nominal power supply; #4) a lumped
150Ω resistor. The power supply voltage (i.e., v3(t)) is forced
by a piece-wise linear voltage source connected to the power
supply pin, defining a stepwise behavior of the voltage during
normal buffer operation. The waveforms obtained from these
configurations were sampled with a sampling period Ts =
500 ps, leading to a full training dataset with Ntrain = 958
samples for a dynamic order p = 3. The above dataset is used
to train a full VV-KRR model.

Moreover, a set of compressed models with a smaller
number of training samples corresponding to Ntrain = 600
and Ntrain = 300 are generated, according to the procedure
in Section III. The above models are then implemented in
LTSpice. The accuracy of the obtained models is then tested on
a new simulation setup involving an open-ended transmission
line with 50Ω characteristic impedance and 2 ns delay.

Figure 2 compares the reference output and power supply
current waveforms with the ones predicted by the LTSpice
implementation of the considered VV-KRR models. The first
and third panels of the figure show, with black lines, the
reference waveforms of i2(t) and i3(t) obtained from a
HSPICE simulation of the test configuration. The shaded



Fig. 2. Model validation: comparison between the reference output i2(t) and
power supply i3(t) currents in the test set and the model prediction obtained
by the proposed compressed models, along with the corresponding MAE.

areas indicate the spread of the predictions obtained from
10 instances of the compressed models trained with different
random subsets of Ntrain = 600 (blue) or Ntrain = 300
(red) data samples. The second and fourth panels shows the
mean absolute error (MAE) between the model predictions
and the reference signals. As expected, the results show that
higher compression leads to greater variability in the model
responses, highlighting the impact of sample selection on the
model variance. The MAE plots illustrate the robustness of
compressed models, despite the slight accuracy loss occurring
with higher compression.

Additionally, Fig. 3 compares the prediction of the best
compressed models among the generated ones (dashed lines)
to the reference responses (solid lines). This alternate valida-
tion proves the benefits of the proposed solution and highlights
a general good matching of the reference responses even for
the strongest compression with Ntrain = 300.

Summarizing, data compression demonstrates that a smaller
number of bases still guarantees a good accuracy, with
favourable effects on SPICE simulation time which changes
from 56 s without compression with Ntrain = 958, to 36 s
and 18 s for compressed models with Ntrain = 600 and
Ntrain = 300, respectively. This linear scaling of the sim-
ulation time with respect to the actual number of expansion
terms in (3) highlights the potential of the proposed SPICE-
compliant macromodeling approach for applications in signal
integrity and power integrity design flows, demonstrating its
efficiency, accuracy, and robustness.

Fig. 3. Model validation: comparison between the reference output i2(t) and
power supply i3(t) currents in the test set and the predictions obtained by
the best compressed models.

V. CONCLUSIONS

This paper presented a preliminary behavioral modeling
framework for IC buffers using the VV-KRR. By focusing
on an efficient compression scheme, the method reduces
model complexity while maintaining accuracy. This compact
representation is easily integrated into SPICE-based solvers,
offering a practical solution for improving signal and power
integrity simulations.
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