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ABSTRACT

Wire resistance in memristor crossbars introduces geometry-dependent voltage attenuation that degrades analog matrix—vector
multiplication (MVM), while parasitic sneak paths further distort output currents as array dimensions scale. Here, we develop a
closed-form distributed line-resistance model that jointly accounts for horizontal and vertical interconnects as well as parasitic
conduction, yielding explicit node-voltage profiles and a compact analytical description of how interconnect losses modify the
effective conductance matrix. Leveraging this predictive framework, computation is kept fully analog and two low-overhead
correction strategies are introduced: (1) a geometry-aware adjustment of the programmed conductances derived directly from the
analytically computed wire-resistance error; and (2) a four-configuration symmetry-averaging scheme that suppresses residual
spatial non-uniformities without requiring any modification to peripheral circuits. Circuit- and task-level evaluations on crossbar
arrays demonstrate that, once compensated, MVM errors remain bounded and no longer scale with array size, while accuracy is
preserved with a constant corrective overhead of four MVMs per elementary array block, validated up to 128 x 128 arrays. By fixing
the problem class, correction targets are computed analytically and reused, replacing iterative tuning with predictable operation
and enabling reliable analog in-memory computing at scale.

memristor crossbars particularly attractive for neuromorphic and
edge-computing deployments [4, 6, 7], where efficiency and

1 | Introduction

Memristor crossbars are increasingly recognized as promising
candidates for accelerating computations in linear algebra, as
they offer significant advantages in terms of parallel computing
capability and data storage [1-3]. The array-based structure
of these devices, illustrated in Figure 1, enables massive par-
allel processing and reduces the power overhead associated
with data migration, which remains a significant bottleneck
in conventional computing architectures [4, 5]. This makes

speed are paramount, especially since matrix-vector multipli-
cation (MVM)—a fundamental linear-algebra operation used in
machine learning, signal processing, and scientific computing—
scales as O(n?) in digital systems, whereas the crossbar’s inherent
parallelism reduces its effective latency to a single physical step
[8-12]. Despite their potential, the performance of memristor
crossbars is significantly compromised by the inherent resistance
of the metal wires connecting the memristor cells. As the size of
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FIGURE 1 | Crossbar operation, circuit implementation, and effect of wire resistance. (a) A 4 X 4 memristive crossbar highlighting the technical
operating principle. (b) Circuit implementation: schematic of an m x n memristive crossbar (m # n) with wire resistance R to emphasize generality
beyond square arrays. (c) Impact of wire resistance: the programmed conductances in the non-ideal case (second matrix, R # 0) are degraded relative to

the ideal case (first matrix, R = 0). Results shown were obtained with the following simulation parameters: G,;, = 0.1 mS, Gy, =10mS, R=5Q, n =

4.

the crossbar increases, the resistance along both the horizontal
and vertical wires leads to significant voltage drops. These voltage
drops can severely affect the precision of analog calculations and
lead to inaccurate results, especially in large systems [13, 14].
In addition, parasitic conduction through non-selected devices
(sneak paths) further perturbs current flow [15, 16]. Although
several strategies have been proposed to mitigate this problem,
including compensation algorithms and digital corrections, these
approaches often fall short; digital corrections in particular
require precomputation and adaptation of input signals, which
can negate much of the efficiency achieved by analog processing
in the first place [17-19]. This work introduces a closed-form
mathematical framework that rigorously captures the impacts
of horizontal and vertical line resistance, as shown in Figure 1,
thereby enabling accurate matrix-vector multiplication and sup-
pressing sneak-path currents. Beyond furnishing the effective
conductance matrix, the model quantitatively characterizes wire-
resistance-induced degradation. Concretely, it provides (1) the
effective conductance mapping that incorporates both horizontal
and vertical line resistances, (2) the node-voltage distribution
along rows and columns, and (3) the presence of sneak paths. This

view exposes how edge and corner regions of the crossbar suffer
larger IR drops, leading to spatially non-uniform errors in the
measured output currents. Leveraging this quantitative descrip-
tion, we derive a corrective strategy: a four-matrix geometry-
averaging scheme that symmetrizes residual, position-dependent
errors by combining outputs from four geometric transformations
of the original matrix. Together, these steps substantially reduce
MVM error while preserving in-situ analog parallelism. The
mathematical approach presented improves the precision of
the final output and, in turn, the reliability of analog MVMs,
while remaining aligned with recent demonstrations of analog-
grade large crossbars and high-precision programming protocols
[20]. We substantiate the practicality of the proposed framework
through a multi-level evaluation strategy. Circuit-level simula-
tions explicitly resolve the impact of horizontal and vertical line
resistance and validate the proposed correction mechanisms. At
the application level, we consider both structured linear-algebra
workloads and data-driven inference tasks. In particular, on
a physical memristor crossbar we evaluate experimentally, on
hardware, a 64 x 64 discrete Fourier transform (DFT) to probe
error accumulation in large-scale matrix-vector multiplications,
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and we assess a multi-layer perceptron performing handwritten
digit classification on the MNIST dataset using the IBM Analog
Hardware Acceleration Kit (AIHWKit) [21, 22], whose inference
noise models explicitly account for programming noise, read
noise, and temporal conductance drift calibrated on measured
device statistics.

These results demonstrate that wire resistance acts as a pre-
dictable and correctable geometric transform: once analytically
modeled and compensated, it enables accurate in situ linear
algebra and stable neural-network inference at scale, thereby
moving memristor crossbars closer to practical neuromorphic
and edge-Al deployment.

2 | Results
2.1 | Wire Resistance Effects in Crossbar

In large memristive crossbars, the assumption of ideal, perfectly
conducting wires breaks down, since every line of the array
is segmented by a finite interconnect resistance that distorts
the applied voltages and currents. These parasitics give rise
to two complementary effects: vertical wire resistance, where
currents traveling down the sensing lines toward the output
amplifiers cause progressive voltage drops that reduce the effec-
tive readout current seen by deeper devices in each column;
and horizontal wire resistance, where the input signal applied
at the edge of a row is progressively attenuated as it propagates
so that devices farther from the input receive a lower potential
than intended. Both contributions result in systematic, position-
dependent errors that grow with array dimensions, even if devices
are perfectly programmed, as can be observed in Figure 1. This
motivates a rigorous formulation of the MVM operation in the
presence of wire resistance, which we develop by considering
a memristive crossbar with a conductance matrix G € R™",
where for simplicity—and in line with typical experimental
demonstrations—we can assume n = m, while the general theo-
retical case n # m is fully developed in this section. As illustrated
in Figure 1, we denote by i = (i, ...,1,)" € R™ the vector of all
device currents, where each i, collects the n currents through
the memristors of the k' column; by e=(e,...,e,)T and &=
(&,...,8,)T the vectors of node voltages at the upper and lower
terminals of the memristors, respectively; by R, and R, the
uniform interconnect resistances along columns and rows; and
by Ggips = diag(Gy, ..., G,,) € R""" the block-diagonal matrix
collecting the conductances G, of each column. The applied
input is described by v = (vy,...,0,)" € R", which generates
the augmented vector v = (v,...,v)T € R". In the ideal case
without wire resistancej the crossbar implements the standard
matrix-vector multiplication

sout _ T
Ljeal = Gv,

which is equivalently expressed in block form as

i = GdiagX,

cout _ T3 _ no.
L = lké - Zj:l Lites

where 1[ selects the currents of the k' column currents. For com-
pactness in the following analysis, we introduce two key matrices:
the sum matrix L, which accumulates current contributions along
a column, and the difference matrix V, which represents the
discrete derivative along a line,

10 ..0 -1 1 ... 0
11 0 -1 =

L= ' V= = -@n
Porooof | @)
11 ... 1 0 ... 0 -1

With these definitions in place [13], to capture the effect of vertical
interconnect resistance we consider the relation between the
applied node voltages and the resulting device currents within
each single column:

-1
i = [ngzg + Rcol(ﬂmxm ® LTL) 2, (1)

Equation (1) reveals that vertical parasitics cause a systematic
attenuation of device currents that depends on their location
within the column, as fully derived in the Section S1. In addition
to vertical losses, complementary degradation occurs along the
horizontal direction. The resulting node potentials satisfy a
recursive relation that can be recast in matrix form as

[(VV! ® In) + RrowHil] €= li’ (2)

where H = diag(G;' + R.,,L'L,...,G,' + R, L"L) is the block
matrix that embeds the vertical wire resistance contribution
derived above, and u; = (v,0,...,0)" € R"™ represents the input
vector, corresponding to the application of the voltage v at
the first column while keeping all other entries zero, i.e., the
initial excitation applied to the crossbar (see Section S2). This
formulation highlights that the effective voltages across devices
decrease with distance from the input, producing a systematic
bias along each row, as shown in Figure 2. Taken together, the
vertical and horizontal contributions yield the full expression for
the current distribution across the crossbar, which can be written
as

i=[Gg, +Ryl™'y, 3)

with
RW = Rcol(Im ® LTL) + Rrow(LLT ® In)s (4)

where Ry, compactly accounts for both vertical and horizontal
parasitic terms. Equation (3) extends the ideal MVM relation
i=G"v to the realistic case of resistive interconnects. In this
formulation, the device-level conductances are explicitly coupled
with the geometry-dependent voltage drops, resulting in an
effective modification of the conductance matrix. The change
in conductance is quantified as a percentage, as illustrated in
Figure 2. The complete derivation and algebraic steps are reported
in the Section S3.
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FIGURE 2 | | Error analysis, voltage degradation, and sneak path simulations in crossbar arrays. (a) Relative errors associated with the effective

conductance matrix (simulation parameters: G,;, = 10 uS, Gy = 100 1S, R =1 Q, n = 64). (b) Degradation of voltages along a selected row of the

crossbar. (c) Simulation of sneak path currents within the array.

2.2 | Impact of Sneak Paths

Sneak paths in memristive crossbars arise when unintended
current loops form between non-selected devices, producing
parasitic contributions that distort readout signals and degrade
computational accuracy. Their effect becomes increasingly severe
as array dimensions scale, ultimately limiting both precision
and energy efficiency in large systems. Based on the frame-
work established in the previous section, the influence of
sneak paths can be captured by evaluating the effective voltage
distributions at the upper and lower terminals of all devices
in the array. Having obtained a recursive formulation for
the upper terminal voltage (Equation (2)), the corresponding
lower terminal potential for each k* column can be written
as

ék = (Ian + G;lVTV)_lek. (5)

By comparing upper and lower terminal voltages, we can directly
identify the conduction state of each device: when the voltage
drop is positive, the memristor conducts as intended; when
it becomes negative, the current reverses direction, thereby
revealing a sneak path contribution. This analysis enables the

identification of which conductances actively participate in the
intended vector-matrix multiplication and which are involved
in parasitic paths, thereby highlighting the systematic errors
introduced by sneak currents. A representative example is shown
in Figure 2, where ON and OFF states are mapped from
numerical simulations. Full mathematical derivations and the
algorithmic implementation are reported in the Section S4.
Building on these observations, it becomes clear that the pres-
ence of sneak paths does not affect all computational tasks
equally, but rather depends on the class of problems considered.
In particular, once a class of problems can be described by
a generic matrix A, it is possible to define a corresponding
set of operating conditions that renders the crossbar robust
against parasitic currents. This involves carefully selecting the
input voltage range and confining the programmed memristor
conductances to an optimal interval, following the analytical
approach described in Equation (5). Within this regime, all
instances of the problem class can be computed without inter-
ference from sneak paths: conductance values are chosen such
that they remain sufficiently high to guarantee measurable
output currents at the peripheral operational amplifiers, while
still being low enough to prevent unnecessary power dissi-
pation. Such trade-offs in the selection of conductance levels
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have been extensively discussed in the literature as central to
enabling reliable and energy-efficient in-memory computing
[10, 20, 23, 24].

2.3 | Correction Strategies

The impact of line resistance can be quantitatively described by
expanding the error term in the expression:

i=[Gy,, +Ry]™'D, (6)

which, via the Woodbury identity, becomes

[Goly + Rl = Guiag — GuiagRyGuiag + ORZ).  (7)
This expansion (see Section S5 for the complete derivation)
highlights that the original conductance matrix Gy, is sys-
tematically distorted by terms proportional to Ry. In princi-
ple, this formulation enables an analytical pre-compensation
strategy, in which the programmed conductance values are
adjusted entry by entry to counteract the predicted wire-
resistance-induced distortion. This approach is direct and can
be advantageous for sparse or highly static matrices, where
only a limited number of entries need to be corrected and the
compensated values can be computed and programmed once.
For dense matrices, however, the correction becomes matrix-
specific and must be evaluated over a large fraction of the n x
n conductance entries. As a result, extensive entry-wise pre-
compensation can introduce a substantial pre-processing and
programming burden, reducing the practical advantage of analog
in-memory computation for dense MVM workloads [25-27]
(see Section S11).

Several IR-drop mitigation strategies have been proposed for
memristive and resistive-crossbar accelerators, including circuit-
level compensation, parasitic-resistance-aware programming,
numerical de-embedding, weight remapping, and redundancy-
or slicing-based precision enhancement [18, 28-34]. These
approaches typically compensate wire-resistance errors by mod-
ifying the peripheral circuitry, adjusting the programmed con-
ductances, remapping sensitive weights, or representing each
value through multiple devices or slices [18, 32-34]. It is worth
noting that some of these redundancy- and averaging-based
strategies target mainly stochastic, device-level non-idealities
such as programming variability and stuck devices [33], rather
than the deterministic, geometry-induced bias caused by wire
resistance addressed here; for this reason, a comparison of
resource requirements between the two classes of approach is
reported for clarity in Section S9 (Table S2). The Four-Matrix
Algorithm proposed here follows a different route: the averag-
ing operation is dictated by the closed-form two-dimensional
wire-resistance model, which shows that each matrix element
experiences a distinct distortion determined jointly by its row
and column position. Specifically, one corner of the array
is systematically the least affected by wire-resistance-induced
deviation while the diagonally opposite corner accumulates
the largest distortion, with the error growing monotonically
in between, as shown in Figure 2. The four transformations
G,-G, correspond to the dihedral group of order four acting

independently on row and column indices, which is the min-
imal set of transformations that carries every corner of the
array through all four relative error positions exactly once (see
Section S9 and Figure S4 for the corresponding quantitative
analysis). By applying complementary geometric transforma-
tions, each coefficient is evaluated in different regions of the
same IR-drop landscape, and the reordered outputs redistribute
the leading spatial bias over the full crossbar area. Thus, the
method performs geometry-driven averaging of the deterministic
wire-resistance distortion without requiring additional correc-
tion circuitry, iterative conductance recalibration, or network-
specific sensitivity remapping. For the 64 X 64 arrays evaluated
in this work, four configurations are sufficient to suppress
the dominant spatial distortion; for larger arrays, the same
symmetry-averaging principle can be extended by applying
the four-configuration correction independently to array blocks
whose size is set by the operating conductance range and wire
resistance (Section S13 and Table S3), rather than to the array as
a whole.

2.4 | Four-Matrix Algorithm

This method exploits symmetry and rotation transformations
applied to the original conductance matrix, generating
four distinct matrix-vector multiplications, as illustrated
in Figure 3. Specifically, the second matrix corresponds to
the mirror image of the original one, where an element
initially located at position (i, j) is mapped to position
(n—i+1,m—j+1). The third matrix is obtained by
inverting the order of the columns of the original conductance
matrix (i.e., the first column becomes the last, the second
becomes the penultimate, and so on), while the fourth is
produced by inverting the columns of the mirrored matrix.
Each transformed instance thus provides a complementary
perspective on how wire resistance distorts the -effective
conductance distribution across the crossbar. When the results
of the four evaluations are combined, the corresponding
matrices (or, in hardware, the output currents) are
summed and subsequently normalized by a constant factor
f(n,Gpin, Gax) that depends on the crossbar dimension
and the conductance interval, as reported in Section S6 and
Table SI.

This geometry-averaging strategy is complementary to the ana-
lytical pre-compensation discussed in Section 2.3. The pre-
compensation approach attempts to correct the effective conduc-
tance matrix locally by modifying each programmed conductance
according to the analytically predicted distortion. The Four-
Matrix Algorithm instead avoids local conductance correction
and uses geometric transformations to redistribute the deter-
ministic spatial error over complementary positions of the same
two-dimensional crossbar. A quantitative comparison of the
two strategies under identical array conditions, reported in
Section S11 (Figure S5), shows that both approaches achieve
closely comparable peak conductance error (3.42% for pre-
compensation vs. 3.88% for the Four-Matrix Algorithm), while
differing substantially in computational overhead and recalibra-
tion cost: pre-compensation requires an O(n°) dense computation
to be fully repeated whenever the programmed matrix changes,
whereas the Four-Matrix Algorithm requires only fixed index
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FIGURE 3 | |Conductance matrix transformations and crossbar effects. (a) Geometric and symmetric transformations of the four matrices G1, G2,

G3, and G4. (b) Left panel: original conductance matrix G programmed in
resistance effects. Right panel: corrected conductance matrix obtained after

the crossbar. Middle panel: effective conductance matrix G including wire
applying the four-matrix method. (c) Percentage error associated with each

memconductance in the crossbar for G4y and G. Simulation parameters: Gy, = 20 US, Gpax = 224.8uS, R =0.35Q, n = 64.

permutations with no matrix-specific recomputation. In this
way, the correction burden is shifted from matrix-specific pre-
processing and conductance reprogramming to a small number
of analog MVM evaluations followed by output reordering
and averaging.

This operation redistributes spatially localized deviations, such as
voltage drops (conductance degradation) concentrated in specific

crossbar regions, as illustrated in Figure 3, which tend to cancel
out upon averaging. As a consequence, the overall output more
closely approximates the ideal MVM, even in the presence of
significant line resistance.

The computational overhead of this approach is modest: for the
64 x 64 arrays investigated in this work, the cost grows from one
analog MVM to four transformed MVM evaluations, followed by
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output reordering, summation, and normalization. These four
configurations provide sufficient spatial sampling to compensate
the dominant row- and column-dependent IR-drop distortion
in the demonstrated array size. For larger arrays, the same
symmetry-averaging principle can be extended hierarchically by
applying additional geometric transformations or partitions. In
this generalized case, the number of required configurations is
not strictly constant. For arrays larger than an elementary block
of size b, validated up to b = 64 under the operating conditions
used throughout this work (Supporting Information Section S13),
the array can be partitioned into (n/ b)2 independently corrected
blocks, each requiring the same four-configuration correction
validated at n = b, so that total overhead grows as 4(n/ b)2
for sequential block readout, while each individual operation
remains a fully parallel analog MVM. In practice, the algorithm
therefore preserves the intrinsic efficiency of in-memory com-
puting while delivering a substantial improvement in accuracy.
Simulation studies reported in this work confirm that, without
correction, the error grows proportionally with the array size,
quickly limiting scalability beyond 64 x 64. With the Four-Matrix
Algorithm, by contrast, the error remains bounded, as observable
in Figure 3, and exhibits a reduced dependence on array size.

2.5 | Hardware-Based DFT Calculations

To validate the generality and scalability of the proposed compen-
sation scheme, we investigate a hardware-based discrete fourier
transform (DFT) task implemented directly on the memristor
crossbar array (see Section S8 for details). Because these mea-
surements are obtained directly on fabricated hardware rather
than through simulation, they inherently incorporate real device-
to-device variability, programming errors, and read noise, rather
than an idealized, noise-free conductance model. The DFT is a
fundamental mathematical operation that converts a sequence
of values from the time (or spatial) domain into the frequency
domain, and it plays a central role in signal processing, image
analysis, and computational physics [35, 36]. Importantly, the
DFT can be expressed as a matrix-vector multiplication (MVM),
where an n X n complex-valued transformation matrix multiplies
a vector of dimension n. This formulation makes the DFT
particularly suitable for hardware acceleration using memristor
crossbar arrays, which natively perform MVM operations in
parallel [5, 25, 37]. Because the hardware platform operates with
real-valued conductances and input voltages, we program the real
component of the normalized DFT matrix into a 64 X 64 crossbar
tile. This choice preserves the orthogonality and frequency-
selective properties of the transform while remaining compatible
with single-ended analog conductance encoding. For each 64-
dimensional input vector x, the memristor crossbar performs the
analog MVM in a single parallel operation:

ihw = Geffx’ (8)

where G.; denotes the effective conductance matrix including
wire-resistance distortions. The resulting 64 column currents are
digitized and compared with the ideal digital DFT output. In the
absence of compensation, horizontal and vertical line resistances
introduce position-dependent voltage drops that systematically
distort the realized transform. Because IR-drop accumulates
along the array, errors increase with array dimension, leading to

structured deviations across output frequency bins. This scaling
behavior severely limits accuracy for large crossbar implementa-
tions.

Figure 4 compares the ideal digital DFT output, the uncom-
pensated analog output, and the compensated result. In the
standard case, output errors increase systematically with array
dimension due to cumulative interconnect losses. By contrast, the
proposed compensation significantly reduces the column-wise
percentage error and suppresses its scaling with array size. The
corrected outputs closely track the ideal frequency components,
demonstrating that wire resistance can be treated as a structured,
compensable geometric perturbation rather than a fundamental
scalability barrier.

2.6 | Multi-Layer Perceptron Results

To evaluate the effectiveness of the proposed Four-Matrix Algo-
rithm, we adopt a system-level benchmarking approach based on
a neural-network inference task, enabling a direct assessment of
its impact on matrix-vector multiplication (MVM) accuracy in
a realistic application scenario. While the MLP weights are pro-
grammed with realistic device noise via the ATHWXKit Hardware
Kit [21], this benchmark also reflects the noise-averaging property
of the four-matrix algorithm derived in Section S12: the four
independent programming instances required by the correction
reduce the standard deviation of zero-mean programming noise
by a factor of two relative to a single programming instance.

A multi-layer perceptron (MLP) architecture composed of three
fully connected layers is considered. The network consists of
an input layer with 256 neurons, followed by two hidden lay-
ers with 128 and 64 neurons, respectively, and a final output
layer with 10 neurons, corresponding to the digit classes of the
MNIST dataset. This configuration is intentionally selected to
preserve a direct mapping between the network layers and MVM
operations, while enabling the evaluation of error propagation
across multiple analog computation stages. The network is
evaluated using the MNIST handwritten digit dataset, a widely
adopted benchmark for inference accuracy assessment. Each
input image, resized to 16 X 16 pixels, is flattened into a 256-
dimensional feature vector and processed sequentially through
the three MVM operations associated with the fully connected
layers. At each layer, the output activations are computed through
analog or digital MVM, depending on the evaluation mode,
and propagated to the subsequent layer. The final predicted
digit label is obtained by selecting the class associated with the
maximum activation at the output layer. Within this framework,
MVM operations represent the dominant computational kernels,
making the overall accuracy of inference highly sensitive to
numerical errors introduced by analog hardware. This charac-
teristic makes the MNIST classification task particularly suitable
for assessing compensation strategies aimed at improving the
fidelity of the analog MVM. Three computational modalities
are compared for three different digits (complete digit set in
Section S7, shown in Figures S1, S2, and S3) in Figure 5: ideal
digital MVM, analog MVM without compensation, and analog
MVM enhanced by the proposed Four-Matrix Algorithm. By
analyzing the resulting class probability distributions and classifi-
cation outcomes, we quantitatively demonstrate the ability of the
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measured dot product engine platform (Section S8) effective conductance map showing spatial distortion induced by line resistance. (b) Column-

wise output currents for the ideal digital DFT (R = 0), uncompensated

hardware measurement (R # 0), and four-matrix compensated output. The

compensation substantially reduces frequency-domain distortion and suppresses error scaling with array dimension on real hardware.

Four-Matrix Algorithm to mitigate analog computation errors
and to limit error accumulation across multiple network layers.
The results highlight the effectiveness of the proposed approach
in restoring inference accuracy toward digital-level performance,
thereby enabling reliable multi-layer neural-network inference in
analog in-memory computing platforms.

2.7 | Hardware Cost and Accuracy Trade-Off

The four-configuration correction introduces an explicit trade-
off between MVM accuracy, programming cost, read energy,
latency, and hardware resources, as illustrated in Table 1. We
distinguish here between the one-time cost required to program
the conductance matrices and the per-input cost required to read
them during inference. Let Ej, and T, denote the energy
and latency required to program one conductance matrix, while
Eyym and Ty denote the read energy and read latency of one
analog MVM after programming. The read latency includes array

settling, sensing, and peripheral conversion. The additional cost
of output reordering, summation, and normalization is denoted
by E,y, and T,,.

For the 64 x 64 arrays evaluated in this work, the corrected output
is obtained from four transformed configurations. Therefore, the
four matrices must be programmed before inference, with a setup
cost of approximately 4E,,.,, and 4T),,,,. During inference, the per-
input read-energy cost is approximately

Eqn = 4Eyym + Eayg- 9

The read-latency cost depends on how the four programmed
configurations are accessed. If they are read sequentially using
shared readout circuitry, the latency is

Toi = 4Tyyy + Tayg- (10)
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three computational modalities.

If they are read in parallel using parallel or sufficiently pipelined
peripheral circuits, the latency approaches

Ty = Tavw + Tavg- (11)
Thus, the energy overhead is approximately proportional to the

number of configurations, whereas the latency overhead depends
on the degree of readout parallelism.

If a single physical array were reprogrammed for each trans-
formed configuration and for each input, the programming
latency and energy would dominate the computation. This is not
the intended inference mode. Instead, the transformed matrices
are programmed and stored before inference, and then reused
over many input vectors. In this regime, the practical trade-off is
between additional programmed array storage and read energy on
the one hand, and improved MVM fidelity on the other.

Advanced Electronic Materials, 2026

9 of 13

85U8017 SUOWWOD) SAIRER.D 3dedl|dde auy Ag peuLeAoh 88 So e O (88N JO S9IN1 10} ARIq1T BUIUO AB|IM UO (SUORIPUOD-PUR-SWB)LI0O" A3 | IM A1 1[pUT|UO//SANY) SUORIPUOD pUe SWie L 8Y) 885 *[9202/60/72] Uo Ariqi auliuo A8|IM *elfeleuUeIy0D Ag 0850L WIBR/Z00T OT/10p/LLod" 3| 1M Aiqijpuluo peoueApe//Sdiy Woj papeo|umod ‘0 ‘X09T66TZ



TABLE 1 | Normalized hardware trade-off of the proposed correction. Energy and latency include both conductance programming and MVM
readout.
Implementation Energy cost Latency cost Hardware
Uncompensated MVM Eprog + Entvm Tprog + Trnvm 1x
Sequential 4 MVM ~ 4B} 00 + 4Eyym + Eayg ~ AT o + 4T\iym + Tavg 1x
Parallel 4 MVM ~ 4E, 05 + 4Eyym + Eayg ~ AT g + Tvym + Tavg 4x
Hierarchical Extension ~ K(n)E g + K(M)Eyyy + Eayg ~ K(M)Tprog + [Tsevns KW Tarvm] + Tayg K(n)x

TABLE 2 | Accuracy-energy trade-off for MNIST classification.

Configuration Accuracy Energy
Digital (DRAM weight fetch) 81.01% ~26815.4n]
Analog, uncompensated (1 MVM)  15.83% ~169.7nJ
Four-Matrix (4 MVM) 79.23% ~ 678.8nJ

The benefit of this overhead must be evaluated against the
uncompensated MVM error. In a single uncompensated cross-
bar, the wire-resistance error depends strongly on the array
dimension, interconnect resistance, and selected conductance
range. As the average relative MVM error increases, the analog
output progressively loses numerical fidelity with respect to the
intended matrix-vector multiplication. While the exact tolerance
is task-dependent, errors of several percent are already prob-
lematic for precision-sensitive linear transforms and can also
accumulate across multiple neural-network layers if not com-
pensated or included during hardware-aware training. The four-
configuration correction reduces this deterministic geometry-
dependent error by averaging the row- and column-dependent
distortion over complementary spatial configurations. Thus, the
method trades additional programmed array storage and read
energy for a substantial improvement in MVM fidelity, making
the analog output usable in applications where the uncompen-
sated crossbar error would otherwise dominate the computation.

2.7.1 | MNIST Classification: Accuracy and Energy

To complement the symbolic cost model above with a concrete
estimate, we evaluate the accuracy-energy trade-off for the
MNIST classification task described in Section 2.6. Accuracy is
quantified as the mean probability assigned to the true class
across the ten representative digits of Figure 5 and Section S7,
yielding 81.01% for digital inference, 15.83% for uncompensated
analog inference, and 79.23% for the Four-Matrix compensated
case. Energy is estimated for one full forward pass of the network
under a representative operating point, with full derivation given
in Section S10; Table 2 summarizes the result.

The Four-Matrix Algorithm restores classification reliability close
to the digital baseline while remaining approximately 40X more
energy-efficient than digital inference under this representative
estimate, and the 4x overhead relative to the uncompensated
analog case leaves the method nearly two orders of magnitude
below the digital energy cost.

TABLE 3 | Accuracy-energy trade-off for the hardware DFT experi-

ment.
Configuration NRMSE Energy
Uncompensated (1 MVM) 17.51% 1.194 nJ
Four-Matrix (4 MVM) 2.50% 4.772 nJ

2.7.2 | DFT: NRMSE and Energy

The same accuracy-energy analysis applies to the hardware
DFT experiment of Section 2.5. Under the same representative
operating point adopted for the MNIST analysis above, the DFT
hardware measurements show a normalized root mean square
error (NRMSE) of 17.51% for the uncompensated case and 2.50%
for the four-matrix-compensated case, a ~ 7x reduction consis-
tent with the improvement observed for MNIST classification,
at the energy cost reported in Table 3. Full derivation is given
in Section S10.

3 | Discussion

This work demonstrates that wire-resistance errors in mem-
ristive crossbars can be systematically suppressed by lever-
aging geometric symmetries of the conductance matrix. The
resulting four-matrix algorithm mitigates cumulative distortions
while preserving scalability, as confirmed by application-level
benchmarks spanning both structured linear-algebra tasks and
neural-network inference.

These experimental demonstrations were selected to validate
the proposed correction on two representative MVM workloads.
The 64 X 64 crossbar provides an intermediate-scale platform
in which wire-resistance-induced spatial distortion is clearly
observable while complete task-level operations can still be
programmed and measured reliably. The DFT experiment evalu-
ates a structured linear transform, where the numerical fidelity
of the full MVM directly determines the output spectrum,
whereas the MLP benchmark probes the propagation of com-
pensated analog MVMs through multiple inference layers. These
two cases therefore test complementary regimes of analog
in-memory computing: precision-sensitive linear algebra and
neural-network inference.

The framework itself is not restricted to this array size or
conductance interval. At the simulation level, the same analytical
model and correction principle can be extended to larger arrays,
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including 128 x 128 crossbars, by updating the correction param-
eters according to the array dimension, wire resistance, con-
ductance range, and input-voltage range. More generally, the
admissible conductance interval [G,;,, G| and the normal-
ization factor f(n,G,ye) are selected from the target effective
precision, available device window, sensing resolution, and power
budget. For the 64 X 64 arrays evaluated here, four geometric
configurations are sufficient to suppress the dominant spatial dis-
tortion. For larger arrays, the same symmetry-averaging principle
can be extended hierarchically by engineering additional geomet-
ric transformations or partitions, leading to a total overhead of
4(n/ b)2 MVMs when the array is partitioned into blocks of the
validated elementary size b = 64 (Section S13). Thus, different
operating conditions primarily require re-parameterization of the
analytical correction rather than a change in the underlying
compensation principle.

Beyond qualitative trends, performance is conveniently reported
in terms of effective digital precision. For a 64 X 64 array operated
with G € [ 20 uS, 224.8 uS ], achieving approximately 10 effective
bits requires 21° = 1024 discrete levels, which is compatible with
recent advances in high-precision programming, redundancy-
assisted protocols, and dynamic-precision operation [20, 33, 34].
Once the bit-precision target is set from the problem specifi-
cation [8], one selects an admissible interval [G;,, Gl and
computes a normalization factor

f = f(l’l, Grange)’ Grange = [Gmin; Gmax]’

that balances analog accuracy with resolution granularity. In
hardware, the same factor rescales the aggregate response
obtained by summing the four measurements associated with the
transformed matrices, yielding a single corrected output without
additional per-instance tuning. To cover signed linear algebra,
differential conductance encoding maps each coefficient g;; to a
pair of programmed states,

a; - G;;—G.‘

ij ij’

thereby enabling positive and negative entries and improving
robustness to device-level variability [11, 23, 38]. For the 64 x 64
implementation demonstrated here, the computational workload
is dominated by four vector-matrix multiplications. This four-
configuration overhead should be understood as the operating
point validated in this work rather than as a strictly size-
independent requirement. Importantly, the demonstrated MLP
benchmark highlights that the proposed framework is not lim-
ited to shallow architectures or single-layer mappings. Since
the correction operates at the level of individual matrix-vector
multiplications, it naturally extends to deeper neural networks
and alternative architectures composed of cascaded linear layers,
including fully connected networks of larger depth and width,
convolutional layers mapped onto crossbar arrays, and hybrid
neuromorphic models. As a result, the four-matrix algorithm
provides a general and reusable strategy for improving inference
reliability across a broad class of analog neural-network work-
loads.

The reliability improvement achieved by the Four-Matrix Algo-
rithm originates from the suppression of deterministic, geometry-
dependent errors associated with wire resistance and sneak

paths. These non-idealities are set by the crossbar topology and
can therefore be described analytically and mitigated through
symmetry-based averaging. In practical hardware, additional
effects such as device-to-device variability, programming errors,
read noise, and temporal drift also contribute to the total MVM
error budget. These mechanisms act differently from wire resis-
tance: programming errors and device variability perturb the
stored conductance matrix, read noise adds stochastic fluctu-
ations to the measured currents, and temporal drift gradually
changes the programmed conductance states over time [39, 40]
Because the proposed correction averages complementary geo-
metric configurations, random zero-mean noise and uncorrelated
variability are not expected to be amplified and may be par-
tially reduced across repeated or parallel evaluations. Systematic
conductance drift, biased programming errors, or strongly corre-
lated variability, instead, remain device-level effects that can be
addressed through calibration, reprogramming, variability-aware
mapping, or hardware-aware training [41, 42]. The proposed
wire-resistance correction is therefore complementary to these
established mitigation strategies and can be integrated with
device-level calibration to improve robustness under realistic
hardware conditions.

4 | Conclusion

This work shows that wire resistance in memristor crossbars
does not constitute a fundamental scalability barrier, but rather
a structured, geometry-induced bias that can be modeled and
compensated analytically. By deriving a closed-form description
of how horizontal and vertical interconnect resistances distort the
effective conductance matrix, we demonstrate that their impact
on analog MVM is predictable and, crucially, bounded.

Building on this insight, we introduced a correction strategy that
operates entirely within the analog domain and preserves full par-
allelism. A first-order geometry-aware conductance adjustment
captures the dominant wire-resistance effects, while a four-
configuration symmetry averaging suppresses residual position-
dependent errors without modifying peripheral circuitry.

Together, these steps suppress error accumulation with array
size and maintain stable accuracy across realistic conductance
windows. In the 64 x 64 arrays evaluated in this work, this
correction is achieved using four geometric configurations, while
larger arrays can be addressed by partitioning the array into
independently corrected blocks of validated elementary size.

Beyond the specific correction scheme, the key contribution of
this study is conceptual: it reframes wire resistance from an
uncontrolled parasitic into a calibratable transformation whose
structure is fixed by array geometry. Once the operating regime
and conductance range are defined, correction parameters can
be computed analytically and reused across runs and tasks,
eliminating the need for iterative, task-specific calibration.

The present analysis is limited to quasi-static operation in
the linear regime and assumes smoothly varying interconnect
parameters. Extending the framework to distributed RC effects,
mild device nonlinearities, and hardware-in-the-loop calibration
on large, weakly non-uniform arrays represents a natural next
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step. Nevertheless, the results already indicate that large-scale
analog linear algebra can be made predictable, reusable, and
scalable, provided that interconnect physics is treated as part of
the computation rather than as an after-the-fact imperfection.
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