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Calibration and Enhancement of Analytical IR-Drop
Model for Resistive Crossbar Arrays

Tommaso Rizzi ®, Alessandro Lambertini
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Daniele Ielmini

Abstract—Resistive In-Memory Computing (IMC) architec-
tures emerged as a promising solution for efficiently accelerating
Neural Network (NN) workloads on-chip, particularly in edge
Artificial Intelligence (AI) applications where energy and area
constraints are critical. Among the various challenges limiting
IMC adoption, voltage drops caused by parasitic resistances
significantly degrade the computational accuracy. While high-
fidelity nodal analyses can model these effects accurately, their
computational cost makes them unsuitable for system-level Al
accelerators design. Analytical models offer a compelling al-
ternative thanks to their speed and simplicity. However, the
absence of a systematic method to fit them to different resistive
memory devices and crossbar configurations might limit their
applicability. In this work, we overcome this limitation by
introducing a calibration procedure across a variety of input
patterns and weight matrices. Furthermore, we evaluate the
models under non-linear I-V characteristics of Resistive Random
Access Memory (RRAM) devices fabricated at IHP Microelec-
tronics. Finally, we propose an enhanced analytical model for
the better estimation of the voltage drops across the memory
cells. Our modeling strategy is benchmarked against state-of-
the-art approaches, achieving best-in-class performance among
the analytical models in terms of accuracy and runtime. With
more than two orders of magnitude improvement in simulation
speed and a 6.6% average misalignment in the output currents
approximation compared to SPICE-based nodal analysis, the
presented solution is a compelling approach for evaluating large-
scale IMC systems.

Index Terms—Parasitic, Wire Resistance, IR-drop, Crossbar,
Analytical Model

I. INTRODUCTION

ECENT advances in both hardware and software ex-
panded the scope of Artificial Intelligence (Al), extend-
ing its reach beyond large-scale data centers to edge devices
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Fig. 1. 3 X 3 crossbar structure performing a VMM operation in the electrical
domain via resistive memory cells highlighted in green. We illustrate the
parasitic wire resistances as lumped components.

across a wide range of domains. Edge Al systems offer advan-
tages such as reduced power consumption and enhanced data
privacy by enabling local data processing. However, meeting
the stringent area and energy constraints at the edge remains a
critical challenge for conventional computing architectures [1]].
To address these limitations, both academia and industry are
exploring a design paradigm known as In-Memory Computing
(IMC). IMC integrates data storage and computation within the
same physical units, thereby drastically reducing the energy
overhead associated with data movement. A promising ap-
proach for implementing IMC architectures leverages crossbar
arrays of non-volatile resistive switching memory devices,
such as Resistive Random Access Memory (RRAM) [2]] and
Phase Change Memory (PCM) [3]]. These devices can store
information in their resistance states. They also efficiently per-
form Vector-Matrix Multiplications (VMMs) directly within
their crossbar structure, leveraging Ohm and Kirchhoff laws
(Fig. [I). The great potential of resistive crossbars stems from
the fact that modern Neural Networks (NNs) require the
execution of a large number of VMM operations, making IMC
solutions a promising implementation for edge Al applications.

Despite ongoing research on IMC accelerator chips [4], [5],
the absence of standardized fabricated architectures coupled
with the plethora of alternative implementation technologies
has driven the development of several simulation frameworks.
These tools allow design-space exploration of Al models for
IMC systems without committing to costly and still-maturing
hardware solutions [6]-[8]. As comprehensive tools designed
to span multiple design abstraction layers, such simulators
often prioritize computational efficiency over high-fidelity
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performance estimation. Consequently, they typically abstract
away hardware non-idealities and avoid computationally in-
tensive nodal analysis performed by SPICE engines. A clear
example of this abstraction strategy is the modeling of the IR
drop effect [9]], [10], which degrades signal integrity along
array interconnects. Specifically, the effective voltage applied
to resistive switching devices is reduced by line resistances,
thereby altering the resulting output currents and ultimately
affecting the computation outcome. Although incorporating
these parasitic effects into SPICE netlists is feasible, the
resulting simulation overhead is generally incompatible with
the requirements of edge Al system.

To address this issue, several parasitic models have been
proposed [7], [11]-[15]]. Lammie e al. incorporated IR drop
effects in their simulation framework MemTorch [6] using
the model proposed in [[14f]. Their implementation devises
an optimized solver to handle the system of equations gov-
erning the crossbar array, achieving accuracy comparable to
SPICE simulations. In contrast, the CrossSim tool [7] ac-
counts for signal degradation due to wire resistance through
an iterative approach that progressively refines the voltage
drop starting from ideal conditions. While both MemTorch
and CrossSim significantly reduce the computational burden
compared to SPICE simulations, training large-scale NNs
can still be prohibitively time-consuming. In such scenarios,
designers actively seek analytical models based on circuit-level
simplifications [[11]-[13] due to their reduced computational
overhead. Among these, the model proposed by Jeong et al.
[11] is one of the least computationally demanding approaches.
Their model estimates parasitic degradation efficiently by
applying correction factors to the output currents with minimal
overhead. Since a single crossbar-specific parameter, denoted
as p, constrains the dependency on the input pattern and
weights, different VMM operations exploit a computation-
reuse paradigm. This reusability, combined with an appropriate
choice of p, enables accurate performance predictions at a
fraction of the computational cost required by traditional nodal
analysis. However, to the best of our knowledge, this analytical
model has only been validated under the assumption of ideal
linear I-V characteristics for the resistive switching devices.
Additionally, the lack of a structured approach for determining
the parameter p could hamper the adoption of the model.

In this article, we address these limitations by introducing
a calibration procedure for selecting optimal values of the
parameter p, and by proposing an analytical model achieving
accurate voltage drop estimation along the metallization lines
without compromising computational efficiency. Our work ex-
tends the preliminary analysis of [[16], where emphasis was on
the open-loop programming technique. The main contributions
of this work are summarized as follows:

1) Calibration procedure for the parameter p in the model

from Jeong. Given a target resistive switching technol-
ogy and design specification, our procedure evaluates a
representative set of weight matrices and input patterns
to determine optimal p values. These values can be
back-annotated and reused during simulation of arbitrary
VMM operations, significantly improving accuracy over
the previously adopted empirical values.

2) Evaluation of the model [11] under non-linear device
characteristics. We assess the model performance by
considering the non-linear I-V behavior for the case of
resistive switching devices. Without loss of generality,
we adopt non-linear characteristics fitted to RRAM
devices fabricated in 130nm BiCMOS technology at
IHP Microelectronics [[17].

3) Proposal of an improved analytical model for parasitic
voltage degradation. Our model accurately captures the
voltage drop along crossbar interconnects, enabling good
estimation of the voltages across each resistive cell. The
model shows enhanced simulation accuracy when non-
linear devices are present. We benchmark the proposed
model against [[11] and several state-of-the-art parasitic
models for crossbar arrays [7]], [12]-[14], evaluating
both accuracy and computational performance.

The remainder of this article is as follows: Section [Tl describes
the resistive crossbar array structure and the existing modeling
strategies to capture the parasitic wire resistances. Section
presents the calibration procedure to fit the p parameter to var-
ious scenarios, the adopted non-linear device representation,
and the improved analytical model. Section benchmarks
the proposed modeling strategies against well-known parasitic
models for crossbar arrays. Section [V] concludes this study.

II. BACKGROUNDS
A. Resistive Crossbar Arrays

With the growing interest in IMC architectures, the inves-
tigation of resistive switching devices is the key matter for
cross-point elements in crossbar arrays. In this configuration,
the input and output wires are perpendicular, enabling both
data storage through the programmable resistance of the
devices and analog computation within the electrical domain.
Specifically, VMM operations can be executed by encoding
matrix coefficients into the conductance values of the crossbar
cells G and applying the input vector as voltage levels V. The
result is then obtained by sensing the currents at the output
lines I as shown in Fig.

Although an ideal crossbar implementation can theoretically
perform VMM operations without error, practical hardware re-
alizations are subject to various non-idealities that significantly
affect computational accuracy. One key source of degradation
arises from parasitic effects along the metallization lines of
the crossbar structure, which can distort the signal integrity
before reaching the resistive elements.

While parasitic interconnects have both resistive and ca-
pacitive components [18], [[19], the relatively low operating
frequencies of most IMC architectures often allow for ne-
glecting the capacitive effects in favor of the more dominant
wire resistance [20]. Lumped linear resistors inserted between
adjacent cross-points in the array are the modeling standard
for resistive parasitics. However, this detailed representation
substantially increases the number of nodes in the circuit
netlist, thus enlarging the system of equations to be solved
during nodal analysis. As a result, accurate SPICE simula-
tions become computationally prohibitive for large-scale Al
applications. The literature explores various simplified models
of the parasitic resistance to mitigate this issue.
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Fig. 2. Current redistribution along (a) input and (b) output metallization
lines under assumptions in [[I1]. (c) Simplified circuit to compute correction
factor for the resulting current on the jth output metal line based on [11].

B. Parasitic Resistive Models

As previously discussed, the absence of standardized hard-
ware platforms has led to the development of numerous
frameworks for simulating IMC accelerators. These tools im-
plement various parasitic resistance models for crossbar arrays,
each balancing the trade-off between simulation accuracy and
computational efficiency by employing different simplifying
assumptions on circuit topology and solving strategies [/7]],
[L1]-[15]. We identify three categories of parasitic models in
the literature: 1) Kirchhoff-based models, ii) iterative models,
and iii) analytical models. The model in [[14] is a representative
Kirchhoff-based model, currently adopted in the MemTorch
framework [|6]. This approach employs Kirchhoff’s laws to
construct a system of equations based on the known topology
of the crossbar array. The MemTorch framework solves this
system using optimized sparse matrix operations. The result
is a significant reduction in simulation time compared to
traditional SPICE nodal analysis. Iterative models, such as the
one used in CrossSim [[7], estimate signal degradation caused
by wire resistance through an iterative refinement process.
Starting from ideal voltage conditions, the model updates the
voltage drop along the metallization lines in successive steps
until the difference between two consecutive iterations falls
below an error threshold e. The selected threshold directly
influences the number of iterations. To this end, convergence
speed and model accuracy expose a trade-off. In contrast,
analytical models simplify the crossbar circuit to approximate
parasitic effects through correction factors. These factors can
be applied either to the output currents, as in Jeong et al.
[L1]], or to the conductance matrix, as in the Diagonal Matrix
Regression (DMR) model [12] and in the af model [13].
These models introduce a set of approximations to enable the
computation of an analytical solution. Examining [11] more
in detail, as it represents the starting point for the proposed
calibration procedure and improved analytical model, the
following three simplifying assumptions are considered: i)
all input voltages are at a constant level V, ii) all memory
cells have the same resistance value R4y, and iii) the
wire resistance R, 1S significantly smaller than Ravyg.
Under these assumptions, the current flowing through each

resistive cell 4y ¢ is approximated as constant, enabling a
simplified estimation of parasitic effects. Fig. [2[a) illustrates
the redistribution of current from a generic input terminal to
the output metallization lines. Similarly, if each node along
an output line receives Iy ¢ from its corresponding memory
cell, the total output current becomes m - I 4y, where m is
the number of input lines, as shown in Fig. 2(b). Assuming an
m X n crossbar array, the contributions of wire resistances on
the input and output metallization lines can be computed with
the coefficients A; and B using @) where index j denotes
the specific output line under consideration.

A; = (n+ 1 — i) Ryjire
! (1)
Z.]%wire

(for jth output line)

-

K2

B

I

=1

For a generic jth output line, the equivalent circuit is
illustrated in Fig. c). Eq. (@), in this configuration, accounts
for parasitic resistance in the output current, where I7, . is
the output current of the jth line without parasitic effects
considered.

Ij — ],j %
ideal Ao 4+ Ravg + B

It is important to note that the influence of the resistive
switching devices is captured solely through the term R4y g
in the above equations. Consequently, the computation of
the coefficients A; and B is independent of the specific
weight pattern mapped onto the crossbar array. In particular,
when the resistive switching devices are between a Low
Resistive State (Rrrs) and a High Resistive State (Rgprs),
the original formulation of the model [11]] suggests to calculate
Rave as weighted average by applying (3). The crossbar-
specific parameter p enables tuning the correction factors while
improving model accuracy. However, in [11]] the value of
p is determined empirically, leaving the user without clear
guidance on the optimization procedure. Overcoming such
limitations is one of the research objectives of this study.

2

a-Rprs +b- Ryrs
a+b 3)
a=(Rrrs)™", b= (Rurs)™”

Fig. |3| compares the performance of different modeling
strategies in terms of average (a) CPU time and (b) output
currents estimation error over 400 VMM operations for a
64 x 64 crossbar array. A voltage level of 0.5V applies to
all input terminals. The weight patterns generation is random.
We model the resistive switching devices as linear with two
discrete states: Ry rs=1 kQ2 and Ry rs=30 k(2. Typical values
of wire resistance between adjacent nodes in such arrays are
on the order of a few ohms [15], [18], [21]]. Accordingly,
and without loss of generality, we assume Ry = 1§}
throughout this study. The [[I1] model implementation adopts
for the parameter p the empirical value 0.17, as reported in
the original work. Differently, the CrossSim model [[7] fixes
the default error threshold € to 200 V. The baseline for

Ravg =



IEEE TRANSACTIONS ON COMPUTER-AIDED DESIGN OF INTEGRATED CIRCUITS AND SYSTEMS,

CPU Time [s]

l v vl vl vl vl 1

L
107°F

Spryn —
5
2 10+ -
§
5 o8r \0\0 o
S 6 ) 2 S -
% 4 o\o o\o & —
0]
2 Q Q -
L 1 LI mi
0
D » > O & 2
Q\\ AN Q_\';l, Q\\ .@\ 6(\\ Q\O
e K & = & )
& 9 Q & &
¥ 7 © &
9 S

Fig. 3. (a) Average CPU time and (b) output current estimation error for 400
VMM operations on a 64 x 64 array considering linear cross-points elements.

the error estimation is the nodal analysis performed using
Ngspice with wire resistances modeled as lumped re-
sistors. The work in provides Python implementations
of the considered parasitic models for the linear resistive
devices scenarios. All simulations are performed on a Linux
machine with an Intel(R) 17-8665U CPU at 1.90 GHz and
8 GB of RAM. As shown in Fig. [3] there is a clear trade-
off between computational cost (CPU time) and estimation
accuracy, reflecting the increasing simplifications adopted in
each modeling strategy. Complex models such as those in
CrossSim and Memtorch closely match SPICE results but
offer only modest speedups. In contrast, analytical models
provide significantly faster simulations at the expense of higher
estimation error in the output current. Notably, the model
in [11] is the least computationally demanding among all
considered approaches. It enables a reduction of simulation
time of over four orders of magnitude compared to tradi-
tional nodal analysis, thanks to its lightweight computation
of correction factors. However, using the original empirical
value of p results in a 3x higher estimation error compared
to other analytical models. The results highlight the power
of this accelerated modeling method for rapid simulation.
Nevertheless, accurately replicating parasitic resistance effects
depends on the precise selection of p.

III. PROPOSED SOLUTIONS
A. Calibration Procedure

Relying on empirical tuning of the parameter p without
a well-defined selection procedure has hindered the broader
adoption of the model in [I1]. To address this limitation,
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Fig. 4. Normalized resistance R4y ¢ as a function of p, shown for two
memory windows (Rgrs/Rrrs = 10, black line, and 30, blue line). We
highlight the Pythagorean means.

we define and evaluate a calibration procedure capable of
identifying the optimal p for arbitrary VMM operations. This
procedure involves testing a set of weight matrices and input
patterns, thus enabling a data-driven selection of p.

The parameter p controls the computation of the weighted
average resistance Ry ¢, used to calculate correction factors
for the output currents. Using the definitions of a and b from
(B). Rave can be reformulated as (@).
Rids + Ruks
Rifs + Ryps

This formulation clarifies how the choice of p influences
the calculation of Rayg. As shown in (§), varying p among
specific values yields the four classical Pythagorean means:
harmonic, geometric, arithmetic, and quadratic. If p = 1,
Rayg corresponds to the harmonic mean, which places
greater weight on smaller resistance values, particularly Ry rs.
When p = 0.5, the expression reduces to the geometric mean,
where Rpgrs has less influence compared to the harmonic
case. For p = 0, Rayc becomes the arithmetic mean,
representing a balanced average between Rpprs and Rpps.
Finally, depending on the resistance values of the states, there
exists a p* € [—1,0[ such that R4y corresponds to the
quadratic mean. For instance, p* = —1 when Ryprs ~ RyRrs-
Nevertheless, for p smaller than 0, the contribution of higher
resistance states is amplified compared to the arithmetic mean.

2

Riks+ Rigs

p=0.5—= Rave = VRrLrsRuRs

Rrrs + Rurs o)
2

| R? R2
p* c [_1’0[_> RAVG ~ LRS; HRS

Importantly, p does not restrict to these discrete values, and
thus R4y ¢ varies continuously as a function of p, Ry g, and
RpRrs. Fig. E| illustrates the normalized R4y curves when
two different memory windows (Ryrs/Rrrs) are selected,
respectively 10 and 30. Regardless of the chosen resistive
states, the weighted average constrains between the lower

“4)

Rave =

p=1—= Ravg =

p=0—= Ravg =
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Input: Technology and Crossbar Specification
Output: Optimal p values for arbitrary VMM operation

1: Initialization:

2: Define discrete values for V;Z{’

3: Define discrete values for R} ¢

4: Define discrete values for p

5. Calibration Loop:

6: for each V,”* do

7. for each R ¢ do

8: for each of 50 random VMM do

9: Generate input vector and weight matrix
10: Run Nodal Analysis to compute baseline
11: for each p value do

12: Run model in [11]

13: Compute average error vs. Nodal Analysis
14: end for

15: Select p minimizing average error

16: end for

17:  end for

18: end for

19: return Look-up table of optimal p values

Fig. 5. Calibration procedure to determine optimal p values.

(Rrrs) and upper (Rirs) bounds. Increasing the memory
windows leads to a steeper transition between these bounds
without significantly altering the p values that make the
weighted average converge to the boundaries. In particular,
values of p outside the range [—2, 3] have negligible effect on
Ravg. Therefore, we bound the search for optimal p values
to this interval.

Fig. [5] shows the presented calibration procedure. It re-
quires the specification of technology parameters and crossbar
characteristics, including array size, resistive-switching device
states, wire resistance, and input voltage level. Since the opti-
mal value of the p parameter depends strongly on the specific
weight matrix and input pattern, an exhaustive calibration
over all possible combinations is computationally unfeasible.
To manage this complexity, we categorize VMM operations
using two descriptors: the percentage of active inputs under
the assumption of binary voltage levels (ViZ“) and the per-
centage of high-resistance cells (Rz} rg)- By discretizing these
descriptors, we reduce the calibration space to a represen-
tative subset of configurations. Specifically, V;Z" is sampled
from the list [100%,80%, 60%, 40%, 20%] and R, from
the list [100%, 90%, 80%, 60%, 40%, 20%, 10%, 0%)]. For each
resulting VMM category (V,?, R% »5), 50 random VMM are
generated, yielding 2000 total operations for calibration.

Each VMM operation is first evaluated via nodal analysis
to establish a baseline. While these simulations can take
several minutes to complete, they are a one-time effort unless
the technology or crossbar parameters are updated. Next, we
define a discrete set of p values by sampling with a step
size of 0.05 the range [—2, 3]. For each p value, we use the
model from Jeong et al. [11]] to estimate output currents and
to compute the error relative to the nodal analysis baseline.
Because the analytical model is computationally lightweight,

Jeong [11] w/ calibration

(a)

Avg. Error oy [%)]

©

(b)

Jeong [11] (p=0.17)
100

-
a
o

<]

o
AVg. EmTor oy [%]
Avg. Error loyt [%]

Fig. 6. Average output current estimation error for a 64 X 64 crossbar array
when (a) model in [[11]] with the proposed calibration procedure and (b) same
model with the empirical p value from [11] are used. Each VMM typology
is defined by the descriptors VZ% and R}{} Rrg- (©) reports the scale for the
average error adopted in both plots.

this step introduces minimal overhead. Finally, for each VMM
category (V;Z’, R% Rg)» the p value that minimizes the average
estimation error is selected as optimal. The fundamental idea
behind this calibration procedure is that any parasitic model
for a crossbar array can extract V,* and R ¢ from the given
input vector and weight matrix. Therefore, when the identified
p values are back-annotated, that model can efficiently select
the optimal p parameter for the current VMM operation. If
the percentage of active input and high-resistive cells is not
in the pool of considered cases during calibration, we apply
interpolation with the two nearest topologies. This approach
enables the adoption of the calibrated model for an arbitrary
VMM configuration.

To evaluate the effectiveness of the proposed calibration
procedure, we compare the model from Jeong et al. [11]
using the original empirical value (p = 0.17) against the
version employing the calibrated p values, in terms of average
estimation error on the output current. To ensure statistical
independence and avoid artifacts favoring the calibrated model,
we generated a new pool of 2000 VMM operations using the
same configuration as in the calibration phase, but considering
a different random seed for this analysis. Fig. [6] shows the
average output current estimation error for a 64 x 64 crossbar
array when the two modeling strategies are adopted. As can
be seen, both models achieve better estimations for RZ‘; RS
close to 100 %. We attribute this result to the resistance of
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Fig. 7. Average output currents estimation error across 2000 VMMs for
different crossbar sizes when using the model in [11] with and without the
proposed calibration procedure.

the memory cells being significantly higher than R,,;,. which
makes the parasitic degradation less critical. Nevertheless,
regardless of the VMM typology, the calibration procedure
reduces the misalignment from the nodal analysis by around
one order of magnitude compared to the case in which the
empirical value p = 0.17 is used. For such 64 x 64 crossbar,
the calibration procedure required approximately 110 minutes
CPU time to complete. We evidence that the time dedicated to
performing exclusively nodal analysis simulations for baseline
results is up to 98 %. The computational cost disparity between
classical nodal analysis and the analytical approach is already
a clear indicator of the significant advantage in simulation time
enabled by the parasitic model after the calibration procedure
concludes. Although such a requirement is not negligible,
parallel executions of the SPICE simulations enabled by the
independent nature of each VMM can reduce the elapsed time
for the user. Additionally, this time-intensive step is a one-time
procedure, making it acceptable for most design workflows.

Fig. [7] reports the average output current estimation errors
across 2000 VMM operations for three crossbar sizes. The ob-
served trends indicate that not calibrating the model degrades
the estimation of the output current more when the crossbar
size increases. Notably, the model in [11] can maintain an
average error below 10% with a calibrated p. This outcome,
together with the acceptable computational cost for a one-time
procedure, makes the proposed calibration a recommended
initial step before applying the analytical model in any IMC
simulator. Coherently, initial calibration is applied throughout
the remainder of this study to both the original model in [[11]]
and the proposed enhanced analytical model.

B. Non-linear Devices

Noticeably, the coefficients A; and B obtained from sim-
plifications in [I1]] are an estimate of the voltage drop AV}
across the arbitrary cell at the intersection of the jth output
line and the kth input line. Considering the circuit in Fig. 2{c)
and applying an input voltage Vj, it is possible to approximate
the voltage drop as (6).

Rava
A]' + RAVG + B

Fig. [§] reports the average voltage drop estimation error
for various crossbar sizes. We compute the error as the

AVjk = Va( (6)

8 \ \

I Jeong [11] w/ calibration

Average Error AVrram [%]

32x32
Crossbar Size [NxN]

Fig. 8. Average voltage drop estimation errors across 50 VMM operations for
various crossbar sizes using the model in [[11] with the proposed calibration
procedure. We bias input lines at 0.5 V and sample the weight matrices from
a uniform distribution.

difference between the value estimated by (6) and the results
obtained from SPICE simulations for every cell in the array.
The analysis is conducted on 50 VMM operations, with all
input lines driven at 0.5 V, and conductance values sampled
between LRS and HRS, considering an uniform distribution.
As shown, the error increases with the array size, reaching
nearly 8% for a 64 x 64 configuration. Inaccurate voltage
drop estimations can significantly distort the estimated output
currents by the parasitic model, particularly when non-linear
[-V characteristics are involved. To the best of the authors’
knowledge, the model in [11] has been validated only for linear
resistive elements, leaving such an issue unexplored.

As a preliminary investigation, arbitrary non-linearity is
considered for each memory cell following a similar approach
to that in [15]]. Specifically, the cross-point devices are mod-
elled as voltage-controlled current sources described by (7).

14 14
14— 7
Rt 1+) (7

A

Fig. Eka) shows the resulting I-V curves for R..;; = 1kS)
and different values of the linearity factor A\. Smaller \ values
yield stronger non-linear behavior, while A = oo leads to the
linear response. Fig. [0[b) reports the average output current es-
timation error of [11]], relative to SPICE-based nodal analysis,
under different device non-linear behaviors. The computation
of the average values is performed across 50 VMMs generated
similarly to Fig. [8] Consistent with the voltage drop analysis,
larger crossbars result in greater estimation errors in the output
currents. Furthermore, the accuracy degradation becomes more
pronounced as device non-linearity increases, highlighting the
critical role of non-linearity when assessing the accuracy of
parasitic models.

To ensure realistic assessment, the non-linear I-V charac-
teristics of RRAM cells fabricated by IHP Microelectronics in
130 nm BiCMOS technology [|17] are adopted throughout the
remainder of this work. The description of the full resistive
switching behavior requires the adoption of differential equa-
tions [24]-[26]. However, this study focuses exclusively on
VMM operations, where input voltages are deliberately limited
to avoid unintentional programming of the memory cells.
Considering the widely used Stanford-PKU RRAM model
[24]], under such conditions, the dynamic evolution of the state

I =
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Fig. 10. I-V curve obtained with Stanford-PKU model fitted on IHP
technology. The dotted lines represent the simplified modeling description
restricted to the VMM operating region.

variable gap is negligible and, therefore, the equations set can
be reduced to the static formulation (8).

I= Ioe_%smh(z) (8)
Vo

The Iy, go, and V, are fitting parameters extracted from
experimental data. Two states are assumed and distinguished
by the corresponding gap values: gaprrs = 9.761071m
and gapgrs = 1.801072 m. With a voltage level of 0.2V
applied to the RRAM cell, the two resistive states are ap-
proximately 1kQ and 30k€). As shown in Fig. [I0] the static
model exactly matches the complete Stanford-PKU one in
the VMM operating range (V;, < 0.6V), as expected. This

2
V= B; lava

3
V= Bs lava

m
V=B, lave -

Fig. 11. (a) Proposed nodes level voltage drop modeling for a generic jth
output line. (b) Equivalent circuit for an arbitrary (j, k) memory cell including
the resistive parasitic elements.

justifies the adoption of the static model for the remainder of
this study. Additionally, avoiding differential equations when
modeling the resistive cells allows for describing the entire
netlist with SPICE native components, without incurring in
computationally demanding Verilog-A modules.

C. Parasitic Model

A key limitation of the model in [11] lies in its inability
to capture voltage degradation along individual nodes of the
output metal lines, as expressed in (6)). This shortcoming orig-
inates from the fact that such granularity is unnecessary when
estimating correction factors for output currents in crossbars
using linear elements. However, the presence of non-linear
devices necessitates a more accurate evaluation of the voltage
applied to each memory cell, implying a detailed estimation
of the voltage drop across the output metal lines. To address
this, we propose an enhanced version of the model presented
in [11], capable of achieving voltage estimation at the node
level without introducing additional simplifying assumptions.
Fig.[[1](a) illustrates the proposed method for calculating node
voltages along a generic jth output line. This finer-grained
approximation introduces distinct By, coefficients, where the
index k identifies the specific input line. These newly defined
coefficients are given by (9).

m

Bk = ZiRwire (9)

i=k

The equivalent circuit for an arbitrary memory cell located
at the intersection of the jth output and kth input lines is
shown in Fig. @b). Unlike the original model, this circuit no
longer represents the entire output line. V,, is the limit for the
applied input voltage. Based on this refined representation, the
relations reported in (I0) hold.
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J
Vo= VI =Y (n+1—i)Rurlave = Ajlave

VE—-0= Z iRyirelave = Brlavea (10)

Va
Aj+ Rave + By
Consequently, we approximate the voltage drop across the

resistive element at the intersection between the jth output line
and the kth input line as in (TT).

Tyve =

Rave )

AV =Vi-Vf=V,
PR Fa T (Aj + Rave + Bi

Y

IV. COMPARISON WITH STATE-OF-THE-ART

To benchmark the effectiveness of the proposed modeling
approach, we compare it against several well-known parasitic
models for crossbar arrays. All evaluations consider non-
linear resistive devices described by (E[), fitted to IHP RRAM
technology. In the analytical models, as well as in MemTorch,
the non-linear behavior is applied after estimating the voltage
drop across each cell, whereas in CrossSim the non-linearity
is incorporated directly within the iterative process. After
applying the non-linearity, both the model from Jeong et al.
[T1]] and the proposed analytical model are calibrated using
the procedure detailed in the previous section.

To visually compare node voltage estimations along the
output metal lines, we simulate a 64 x 64 VMM operation. We
bias all input terminals at 0.5 V, and we assume that 80% of
the memory cells are in the HRS state when randomly drawing
the weight values. Fig. |[12] presents heatmaps of the estimated
voltage drop across each cell using (a) the proposed model,
(b) the model in [I1]], and (c) SPICE-based nodal analysis.
Notably, the model fails to capture voltage variations
along the vertical interconnects, estimating instead a constant
voltage drop for all positions on the output metal line. The
similarities between the results of the proposed model and the
reference nodal analysis, especially in contrast to the approach
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Fig. 13. (a) Average CPU time and (b) output current estimation error for
400 VMM operations on a 64 x 64 array considering non-linear resistive
devices.

in [11]], demonstrate the improved accuracy enabled by the
refined By, coefficients.

Since a key requirement of analytical parasitic models
is their lightweight computational cost, any improvement in
voltage estimation must not come at the expense of significant
penalty in runtime efficiency. Fortunately, the proposed model
retains the advantage of decoupling the computation of the
coefficients from the specific weights and inputs, similar to
the approach in [IT]}, thus maintaining low computational
complexity even across varying VMM operations. Fig. [[3{a)
shows the average CPU time required to simulate 400 VMM
operations on a 64 x 64 crossbar array with all input terminals
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set to 0.5V. The weights patterns are drawn selecting RZ‘; RS
from the list [100%, 90%, 80%, 60%, 40%, 20%, 10%, 0%)]. In
particular, we generated 50 weight patterns for each different
value of R% rg- When comparing the achieved results with
the linear case from Fig. Eka), we note that the inclusion of
non-linear devices impacts the performance of the analytical
models more than the Kirchhoff-based model and the nodal
analysis. Nevertheless, the proposed approach significantly
speeds up computations, running 100 times faster than SPICE
and 10 times faster than MemTorch. A notable difference from
the linear case that can be seen in Fig. [3[a) is the degraded
performance of the CrossSim parasitic model, which is now
slower than nodal analysis. We attribute this result to the
implemented iterative algorithm, which is not suited for non-
linear components and requires many iterations to converge to
solutions within the selected error threshold (e = 200 pV).

Fig. [T3[b) reports the average percentage error in the esti-
mated output currents for the same VMM operations. While
the Kirchhoff-based model [6] and the iterative model [7]
maintain good accuracy even with non-linear resistive devices,
analytical models such as DMR [12] and af [13] exhibit
higher deviations compared to the linear case, with average
percentage errors around 10%. Importantly, the original ver-
sion of the model in [[11]] performs the worst, with an average
error of 128%. The significant improvement after calibration
highlights the importance of selecting optimal values for the p
parameter. Meanwhile, the proposed model achieves the best-
in-class average accuracy among the analytical approaches,
with less than 5% deviation from the nodal analysis. This
accuracy, paired with minimal computational cost, offers a
compelling balance over more complex models [6], [7]].

To further assess the analytical models’ accuracy under
diverse input patterns, we generate 2000 random VMM oper-
ations, varying the descriptors V,”* and R} ¢ similarly to the
methodology used for calibration but with a different random
seed. Fig. [T4] presents the average output current error as
a function of these two descriptors. For the sake of clarity,

we limited the reported results to the three fastest and most
accurate analytical models: the proposed approach, the model
in [11], and the DMR model. The DMR model performs
reasonably well when all inputs are active, but its accuracy
significantly degrades at lower Vioﬁ. Unfortunately, this is a
common scenario for IMC architectures that employ input bit-
slicing design strategies [20]], [27]]. Conversely, the calibration
procedure maintains Jeong et al. model [11]] errors below 15%
even when a vast portion of the input terminals are not biased,
with an average error of 9.4%. Finally, the proposed model
consistently achieves the highest accuracy across all VMM
configurations with an overall average error of 6.6%. The
model maintains strong agreement with SPICE-based nodal
analysis regardless of weight matrices and input patterns.

V. CONCLUSIONS

This work has deepened the investigation around parasitic
modeling for resistive crossbar arrays, overcoming several
limitations from the well-known analytical model presented
by Jeong et al. in [11]. The proposed calibration procedure
significantly enhances the accuracy of the model by addressing
its primary drawback, the adoption of an empirically defined
parameter p. Furthermore, we investigated the behavior of the
model by considering non-linear memory cells, specifically
RRAM devices fabricated at IHP Microelectronics. After
identifying the coarse-grain voltage estimation along output
metal lines as a dominant factor of error, we introduced an
enhanced modeling approach that accurately estimates node
voltages with high computational efficiency. Achieving more
than two orders of magnitude speedup and 6.6% average
output currents estimation error compared to SPICE-based
nodal analysis for 64 x 64 crossbars, the proposed model
proved comparable precision and more efficient computation
compared to state-of-the-art modeling strategies adopted in
popular IMC frameworks. The compelling balance between
accuracy and efficiency makes it a promising solution for
large-scale IMC systems explorations.
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