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Abstract—This paper presents a preliminary parametric mod-
eling scheme for IC buffers, able to reproduce the dynamic
behavior of port variables as a function of external parameters.
The approach combines a NARX representation with kernel
regression and is tested on the output current of a commercial
buffer, with temperature as the external parameter. Preliminary
results indicate that the proposed method is a promising solution
for parameter-dependent dynamic modeling.

Index Terms—Digital integrated circuits, IC buffer modeling,
kernel ridge regression, parametric identification, temperature-
dependent modeling.

I. INTRODUCTION

Modern information technology devices demand highly
accurate design and signal integrity analysis due to increasing
performance and technological constraints. Reliable numerical
models of digital IC buffers are therefore essential, as they
govern signal behavior across interconnections. Traditional
transistor-level models of IC buffer, while accurate, are often
impractical for system-level simulations due to their high
computational cost, proprietary nature and limited availability
of detailed models.

Behavioral modeling provides an efficient alternative, aim-
ing to replicate device performance without exposing internal
details [1]–[3]. For more than thirty years, the Input/Output
Buffer Information Specification (IBIS) has been the in-
dustry standard for modeling IC buffers [4]. IBIS offers a
structured modeling framework based on equivalent circuits
and a predefined two-piece architecture. While this structure
simplifies model construction, it can compromise accuracy
under complex operating conditions. To address these lim-
itations, machine learning techniques, particularly Artificial
Neural Networks (ANNs) and Recurrent Neural Networks
(RNNs), have emerged as attractive alternatives thanks to their
ability to capture highly nonlinear behavior [5], [6]. However,
these methods often benefit from larger datasets, involve a
nontrivial training effort, and are not always straightforward to
integrate into standard SPICE-based simulation flows. Kernel-
based methods can be seen as a promising alternative for
system identification and IC behavioral modeling, thanks to
their convex and linear training formulation [7]–[10]. Kernel
regression, such as the Kernel Ridge Regression (KRR), can be
combined with a Nonlinear AutoRegressive with eXogenous
inputs (NARX) representation to build compact and accurate
data-driven behavioral models able to predict the dynamic

behavior of the port variables of IC buffers [11]–[13]. This
modeling framework simplifies training and relies on a linear
model structure, which can be efficiently implemented within
SPICE-like simulation environments [12]. As a result, this
approach offers an effective compromise between the rigidity
of equivalent-circuit-based methodologies and the complexity
of ANN- and RNN-based solutions.

This paper presents a preliminary extension of the above
framework to parameter-dependent dynamic modeling. System
parameters are incorporated as explicit modeling variables
and treated as additional inputs to the regression model. A
dedicated training strategy is introduced to exploit transient
waveforms collected at different values of the system parame-
ter, enabling the construction of a single unified model capable
of predicting the dynamic behavior of the variable of interest
over the entire operating space. In this preliminary study,
the effectiveness, accuracy, and limitations of the proposed
framework are investigated for the dynamic modeling of
the output current of a commercial driver as a function of
temperature. Temperature is selected as the system parameter
because of its significant impact on the dynamic behavior
of the port variables of IC buffers [14], [15]. Future work
will address more complex scenarios and improved training
strategies.

II. PROPOSED MODELING APPROACH

Without loss of generality, the discussion focuses on the
constitutive relationship governing the port variables of a
generic IC driver, illustrated in Fig. 1. This relationship can
be expressed by the following nonlinear dynamic map:

y(t;θ) = f

(
u(t;θ),

du(t;θ)

dt
, . . . ,

dru(t;θ)

dtr
,

dy(t;θ)
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, . . . ,
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dtr
; θ

)
,

(1)

where f(·;θ) is a nonlinear operator parameterized by the
system parameters collected in the vector θ = [θ1, . . . , θp]

T.
The scalar output y(t;θ) = io(t;θ) denotes the current
at the output port, while the input (row) vector u(t;θ) =
[ vi(t;θ), vo(t;θ) ] collects the input excitation vi and the
output voltage vo at the load parameterized by θ. The integer
r defines the differential order of the system, corresponding
to the maximum order of the time derivatives of both output
and input variables.



Fig. 1: Generic I/O buffer driven by the input bitstream
vi(t;θi) and operating under different values of the system
parameter θi. The output responses vo(t;θi) and io(t;θi)
depend on the parameter value.

To enable data-driven modeling, the continuous-time rela-
tionship (1) is discretized using a uniform sampling period Ts.
By approximating the derivative operators with finite backward
differences, the continuous map is transformed into a discrete-
time NARX formulation [11]–[13]. Defining the sampled
output and input at the k-th time step as yk(θ) = io(kTs;θ)
and uk(θ) =

[
vi(kTs;θ), vo(kTs;θ)

]
, the parametric model

writes:

ŷk(θ) = f̃
(
uk(θ), . . . ,uk−r(θ), yk−1(θ), . . . , yk−r(θ); θ

)
.

(2)

Based on (2), the primary modeling goal is to approximate
the nonlinear parametric map f̃(·;θ) from data. To ensure that
the model remains valid over the entire parameter space, the
training dataset must cover a representative range of dynamic
behaviors and parameter configurations. This is achieved
through a systematic characterization campaign where the
device responses are collected across the admissible variations
of the parameter θ.

To this aim the device is simulated under M different
load configurations and Q distinct parameter values. For each
load and parameter configuration (m, q), a transient simulation
is performed, and the resulting waveforms are uniformly
resampled with period Ts, yielding a sequence of L discrete-
time samples. The complete training dataset D is constructed
by aggregating the data from all configurations:

D =

Q⋃
q=1

M⋃
m=1

Dm,q, (3)

where each subset Dm,q collects the input–output samples
associated with the m-th load at the specific parameter θq:

Dm,q =
{(

x
(m)
l (θq), y

(m)
l (θq)

)}L

l=1+r
. (4)

Note that the index l ranges from 1+r to L for each individual
simulation trace, ensuring that all required past samples are
available for the regressor construction. The regressor vector
x
(m)
l (θq) collects the current input/output samples at time

step l and the corresponding past samples for the m-th load
configuration and parameter setting θq , and is defined as

x
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The resulting training dataset is then used together with
KRR to learn the parametric map f̃ . For a generic load
configuration, denoted by the symbol (∗), and a parameter
setting θ∗, the predicted output at k-th time step ŷ

(∗)
k (θ∗) is

obtained by evaluating the kernel expansion over the entire
training set [16]–[19]:

ŷ
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(x

(m)
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)
,

(6)

where αl,m,q are the regression coefficients estimated during
training for the training input with parameter value θq , load
m and time instant l, while x

(m)
l (θq) and x

(∗)
k (θ∗) are the

input and test regressor defined in (5).
The presence of past predictions ŷ

(∗)
k−1(θ∗), . . . , ŷ

(∗)
k−r(θ∗)

in the regressor x
(∗)
k (θ∗) makes the model recursive, which

is essential for multi–step–ahead dynamic prediction. During
prediction, the parameter value θ∗ is assumed to be known
and constant for each time step k.

The kernel function K(·, ·) in (6) is defined as a separable
kernel, decomposing the overall similarity into independent
similarity measures in the dynamic (x) and parametric (θ)
domains [7], [10]. Considering two generic training samples
indexed by (l,m, q) and (l′,m′, q′), the kernel evaluation
writes:

K
(
(x

(m)
l (θq),θq), (x

(m′)
l′ (θq′),θq′)

)
= (7)

kx(x
(m)
l (θq),x

(m′)
l′ (θq)) · kθ(θq,θq′). (8)

The regression model is then trained by solving the regu-
larized linear system [8], [17]:

α = (K+ λINtr
)
−1

y, (9)

where α ∈ RNtr collects the regression coefficients, INtr

denotes the identity matrix of size Ntr × Ntr, and λ is the
Tikhonov regularization parameter used to ensure numerical
stability and to balance data fidelity and model smoothness.
The vector y ∈ RNtr stacks the training outputs yl,m(θq)
for all parameter values q = 1, . . . , Q, load configurations
m = 1, . . . ,M , and time indices l = r + 1, . . . , L. The total
number of training samples is Ntr = QM (L− r).

When the Gram matrix K is rank-deficient or exhibits
rapidly decaying eigenvalues, the learning problem becomes
ill-posed and the condition number cond(K) becomes very
large. The Tikhonov regularization term λINtr shifts the eigen-
values of K away from zero, improves the conditioning, and
stabilizes the matrix inversion. As a result, the regularization



TABLE I: Training and Test Setup: Overview of the load configurations and temperature values used for constructing the
training and validation datasets. The table summarizes the distinct load types, their corresponding electrical characteristics, and
the operating temperatures.

Load ID Load Configuration Description Simulation Temperatures (T [◦C])
#L1 (Training) Open-ended transmission line with a 60 Ω characteristic impedance and a 10 ns delay. 0, 35, 70
#L2 (Training) Open-ended transmission line with a 75 Ω characteristic impedance and a 4 ns delay. 0, 35, 70
#L3 (Training) Lumped 50 Ω resistor connected in parallel with a 10 pF capacitor. 0, 35, 70
#L4 (Training) Lumped 150 Ω resistor. 0, 35, 70
#L5 (Test) Open-ended transmission line with a 50 Ω characteristic impedance and a 3 ns delay. 20, 60

parameter λ plays a crucial role in ensuring numerical stability
of the estimator.

In this preliminary study, a radial basis function (RBF)
kernel [18] is adopted for both kx and kθ:

kx/θ(r, r
′;σx/θ) = exp

(
−∥r− r′∥2

2σ2
x/θ

)
, (10)

where r denotes either the input regressor x (for kx) or the
parameter vector θ (for kθ), and σx/θ are the corresponding
kernel hyperparameters. Other kernel choices could be adopted
as well.

The modeling approach proposed in this section constitutes
a preliminary training strategy for the parametric model,
explicitly addressing the potential ill-posedness of the resulting
linear system. Future work will investigate more advanced
training schemes to further improve conditioning and com-
putational efficiency.

III. APPLICATION EXAMPLE

The performance of the parametric modeling scheme pre-
sented in Sec. II is evaluated by predicting the transient
behavior of the output current of a commercial buffer under
different temperature conditions. The analysis relies on a
transistor-level model of the Texas Instruments transceiver
SN74ALVCH16973, powered with a nominal supply voltage
of VDD = 1.8V. The HSPICE model provided by the
manufacturer is used as the reference.

Training and test datasets are obtained from HSPICE tran-
sient simulations performed over multiple load configurations
and temperature values (i.e., p = 1), as summarized in Table I.
The training dataset includes four distinct load configurations
#L1–#L4 (i.e., M = 4), each simulated at three temperature
values (i.e., Q = 3) such that: θ = 0◦C, 35◦C, and 70◦C.
These temperatures span a representative portion of the device
ambient operating range. For all training simulations, the
device is driven by the same input bitstream “0101100000”,
ensuring consistent excitation across different operating condi-
tions. The test dataset is designed to assess model performance
under unseen conditions. It includes simulation results for load
configuration #L5, specified in Table I, at two intermediate
temperatures not used during training, namely θ∗ = 20◦C and
60◦C. A different input bitstream, “0110100000”, is applied to
further evaluate the generalization capability of the model. The
training and test waveforms in the dataset are sampled with a
sampling period of Ts = 285 ps up to Tmax = 300 ns, resulting
in L = 670 discrete-time samples for each waveform.

The training set is used together with the training scheme
described in Sec. II, adopting a dynamic order r = 4, se-
lected based on empirical observations. The resulting training
dataset consists of a total of QM(L − r) = 7992 samples.
Model training using the three-fold cross validation requires
approximately 5 minutes on a Dell Precision 3490 equipped
with an Intel Core Ultra 7 processor and 64 GB of RAM.
MATLAB R2024b.

Due to the poor conditioning of the Gram matrices Kx and
Kθ, and thus of their product K, caused respectively by strong
correlations among the training waveforms and by repeated
values of θ within each load configuration, an unregularized
model tends to produce undesirable numerical artifacts, such
as spurious high-frequency oscillations in the predicted re-
sponses. For this reason, the regularization parameter λ plays
a key role in the proposed scheme and is optimized within the
interval [10−2, 1]. This range includes relatively large values
of λ, which promote model smoothness and prevent unwanted
fast fluctuations in the predictions.

Fig. 2: Validation results for the test load configuration #L5.
Top: comparison between the reference output current io(t; θ∗)
(solid black) and the model predictions (dashed) at θ∗ = 20◦C
and 60◦C. Bottom: MAE for the two test temperatures.

Figure 2 shows the validation results on the unseen load



Fig. 3: Magnified view of the test waveform for load configu-
ration #L5. The zoomed time window compares the reference
output current io(t; θ∗) (solid black) with the model predic-
tions (dashed) at θ∗ = 20◦C and 60◦C.

configuration #L5. The top plot compares the reference output
current io(t; θ∗) (solid black) with the model predictions
(dashed) at the test temperatures θ∗ = 20◦C and θ∗ = 60◦C.
The bottom plot reports the mean absolute error (MAE)
between the model predictions and the reference waveform
for both test temperatures.

Figure 3 provides a zoomed view of a representative time
window of the results in Fig. 2 (see the light gray rectangle).
The zoom highlights the significant effect of temperature on
the dynamic behavior of the output current waveforms and
shows the close agreement between the reference response and
the model predictions at the considering test temperatures.

The model accurately reproduces the buffer response at
both unseen temperature values and on an unseen load con-
figuration, as the MAE remains relatively low throughout
the transient, confirming the practical applicability of the
approach. Nevertheless, further improvements to the training
scheme are needed to reduce training time and to improve
the conditioning of the linear system solved during model
identification.

IV. CONCLUSIONS & FUTURE WORK

This paper presented a preliminary modeling scheme aimed
at providing a unified parametric model able to reproduce
the dynamic behavior of the port variables of IC buffers as
a function of external parameters. The proposed approach
combines a NARX formulation of the device constitutive
relations with kernel regression.

The performance of the method was assessed on the mod-
eling of the output port current waveforms of a commercial
IC buffer for different load configurations, using temperature
as the external parameter. The results demonstrate the capa-
bility of the proposed framework to accurately predict the
parametric dynamic behavior of the output current for unseen
load and temperature values. However, this preliminary study
also highlighted issues related to the poor conditioning of the
training problem, which leads to increased training time and

requires careful tuning of the regularization parameter. These
aspects, together with the possible circuit implementation of
the resulting model, will be investigated in future work.
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