
Advanced Electronic Materials 

www.advelectronicmat.de

RESEARCH ARTICLE

Highly-Uniform Passive Crossbar Arrays of Resistive 

Switching Random Access Memory (RRAM) for In-Memory 

Computing Applications 

S. Ricci P. Mannocci M. Porzani D. Bridarolli F. Carletti M. Farronato D. Ielmini

Dipartimento di Elettronica, Informazione e Bioingegneria (DEIB), Politecnico di Milano and IU.NET, Milano, Italy 

Correspondence: D. Ielmini ( daniele.ielmini@polimi.it) 

Received: 27 January 2026 Revised: 23 May 2026 Accepted: 15 July 2026 

Keywords: artificial intelligence | crossbar array | in-memory computing | neural networks | quadratic assignment problem | Resistive switching memory 
(RRAM) 

ABSTRACT 

Resistive switching random-access memory (RRAM) is gaining attention for its ability to support various data-intensive computing 
tasks via in-memory computing (IMC). The use of passive RRAM arrays is hindered by sneak-path issues, programmability 
challenges, and concerns regarding reliability and robustness. In this study, we address the initialization problem and propose 
a strategy to efficiently program passive arrays, thereby overcoming these limitations. We validate our approach using 32 × 32 
crossbar arrays of Pt/HfO2 /Ti RRAM, achieving 99.5% functionality and encoding various conductance weights with an error 
below 3%. To demonstrate the potential of RRAMs, we experimentally perform 24 × 24 discrete cosine transform (DCT) image 
reconstruction, achieving an accuracy higher than 95%. Also, we implement a single-layer classifier for feature recognition on 
the MNIST digit dataset, achieving 84.6% accuracy compared to the theoretical 86.1%. We finally develop an in-memory solver for 
combinatorial optimization problems, such as the quadratic assignment problem, leveraging the full parallelism of the crossbar 
configuration and implementing a quantum-inspired parallel annealing method, and demonstrate non-linear regression up to the 
fourth order. 
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 Introduction 

ata-intensive workloads such as artificial intelligence (AI), aug-
ented reality, and generative models face escalating demands
or computational power, faster data processing, and reduced
nergy consumption. To meet these challenges, in-memory com-
uting (IMC) has emerged as a new paradigm enabling the
xecution of computation and information storage within the
ame memory unit [ 1, 2 ]. Several efforts have been reported in
he literature to implement IMC architectures benefiting from
he technological advancement and robustness of traditional
emories such as static random-access memory (SRAM) [ 3 ] and
ynamic-random access memory (DRAM) [ 4 ]. 
his is an open access article under the terms of the Creative Commons Attribution Licen
riginal work is properly cited. 
2026 The Author(s). Advanced Electronic Materials published by Wiley-VCH GmbH 
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On the other hand, emerging nonvolatile memories such as
phase-change memory (PCM) [ 5–7 ], magnetic random access
memory (MRAM) [ 8, 9 ], electrochemical RAM (ECRAM)
[ 10–13 ], conductive-bridge (CBRAM) and resistive RAM
(RRAM) [ 14–21 ] have been proposed as a valid support
capable of accelerating matrix-vector multiplication (MVM),
which provides the backbone of essential applications
such as deep neural network (DNN) and discrete Fourier
transform (DFT). This paradigm shift is enabled by the
parallelism of the crossbar memory architectures, leveraging
Kirchhoff’s and Ohm’s laws to carry out an analog MVM
between the input voltages and the conductance matrices
[ 1 ]. 
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mong the various memory technologies, RRAMs show the
ost promising properties, thanks to the simple and versatile
abrication process flow, the small device-to-device variability,
he good retention and the ability to store multilevel states.
urrent RRAM technology predominantly relies on the one-
ransistor/one-resistor (1T1R) structure [ 22, 23 ], where each
emory cell is combined with a selection transistor, which is
esponsible for the correct programming and selection prevent-
ng unwanted interference between crossbar devices [ 24 ]. The
T1R configuration ensures precise programming and eliminates
evice interference on the same wordline or bitline. The correct
peration of crossbar architectures during programming relies
n the possibility of writing the individual memory elements
ithout disturbing the others, since the voltages are applied
imultaneously to all devices of the wordlines or bitlines [ 25 ]. 

n the other hand, the select transistor negatively impacts on
he cell footprint and circuit complexity, as well as making 3D
ntegration of crossbar arrays difficult to achieve [ 26 ]. Achieving
eliable passive crossbars [ 27–29 ] might speed up the scaling and
D integration of RRAM for energy-efficient accelerators based
n IMC. 

n this study, we aim to advance the implementation of passive
rossbar arrays of RRAM by experimentally demonstrating their
igh accuracy in various applications based on MVM, as illus-
rated in Figure 1a . We demonstrate a 32 × 32 passive crossbar
rray of RRAM based on a Pt/ Hf O 2 /Ti stack, achieving 99.5 %
ield, namely, only five cells do not show repeatable switching.
e first show proper device initialization and perform basic char-
cterization to examine device switching and variability within
he array. We then evaluate the response to pulse programming
ithin a program-and-verify (P&V) approach. To address the
ssue of sneak paths, we propose a methodology where the
rossbar array is pre-programmed to a uniform conductance level
bove the target level, then each device is gradually reset to the
esired state by maintaining a total relative error of less than 3 %
ith respect to the target. Finally, we validate our programming
trategy by bringing different algorithms to the analog domain
nd solving the related task with an average accuracy higher than
6 % . State-of-the-art processing workloads, such as image com-
ression based on the discrete cosine transform (DCT) algorithm,
 single-layer neural network classifier, a combinatorial logic
olver, and a non-linear regression accelerator, are demonstrated
ith our crossbar array, thus confirming the feasibility of IMC
ith passive arrays of relatively large size. 

 Results 

.1 Device Initialization and Basic 
haracterization 

he 32 × 32 crossbar arrays in this study were fabricated by
tandard CMOS processes to ensure compatibility with back-
nd-of-line (BEOL) integration. Figure S1 shows the details on
he fabrication process flow. The RRAM structure consists of a
etal-insulator-metal (MIM) stack [ 30–32 ] with an oxide layer
andwiched between the top electrode (TE) and the bottom
lectrode (BE) [ 33 ], as depicted in Figure 1b . To perform the
eading and programming of each individual device within the
of 13
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crossbar array, we developed the custom printed circuit board
(PCB) presented in Figure S2 . Figure 1c shows a scanning electron
microscopy (SEM) image of the 32 × 32 array used in this work.
The RRAM devices are located at the intersections of the BEs and
TEs, as illustrated in Figure 1d , where vias are etched through
the oxide spacer. The pristine conductance values of the array
are reported in the conductance map in Figure S3 . Over 90 % of
the devices are in a high-resistance state (HRS) with conductance
below 100 nS, indicating that a forming operation is necessary
to initialize these devices. The remaining devices are in a low-
resistance state (LRS), with conductance ranging from 1 μS to
1 mS, likely due to fabrication imperfections. 

As an initial step, a reset operation was applied to all RRAM
devices to decrease the conductance below 1 μS , which we take
as a reference for the threshold between HRS and LRS. The
forming operation is then carried out on all devices, starting with
those in deeper HRS values that require higher voltages, followed
by resetting the devices back to HRS. Figure 1e and Figure S4
show the forming I–V curves for all RRAM devices. The forming
map in Figure S5a presents a clear area where voltages have
larger values with respect to the average, which might be due to
the already-initialized devices, which are involuntarily switching
during other forming operations. In fact, the current sunk by
cells in the LRS may cause IR drop, thus increasing the required
voltage to induce forming of other cells in the same current path.
After forming, few cycles of set and reset processes are applied to
each device to assess the correct switching operation. Figure 1f
reports 103 set/reset cycles of a device inside the array, while
Figure S6 reports the statistics for all the devices. During the
set/reset operation, all the other devices on the same BE and TE
are monitored to prevent unintentional switching. Set voltages are
in the range between 0.5 and 2 V while reset voltages are in the
range between − 2 and − 1 V, as reported in Figure S5 . We found
no correlation between the set and reset voltages in each device,
as illustrated in Figure S7d . Figure 1g shows the probability
distributions of the LRS conductance for all the devices of the
array after set operation with a compliance current of 600 μA ,
indicating a log-normal distribution. Finally, Figure 1h shows
the measured low-voltage I–V curves for the LRS, indicating a
strong linearity of the RRAMs. Good linearity is indeed essential
to implement precise multiplication according to the Ohm’s law
𝐼 = 𝐺 ⋅ 𝑉. Note that devices start to show non-negligible non-
linearity above 150 mV, as reported in Figure S8 . Memory cells
in the LRS were also monitored for at least 12 h to ensure stability
and negligible drift, as reported in Figure S9 . 

2.2 Multilevel Programming Methodology 

We studied multilevel programming of RRAM devices by using
square pulses of appropriate amplitude and duration. The current
was limited by an external compliance or a series transistor during
the set transition. No current limitation was adopted during the
reset operations, with sneak-path issues being experimentally less
significant [ 34 ]. Figure 2a shows the device conductance as a
function of the number of reset pulses at constant amplitude.
The device was initially programmed to an LRS conductance
G = 500 μS , then reset pulses of pulse width 10 μs were
sequentially applied while the conductance was measured at
100 mV after each reset pulse. As the pulse amplitude 𝑉𝑝 
Advanced Electronic Materials, 2026
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FIGURE 1 32 × 32 passive array based on Pt/ HfO 2 /Ti RRAMs: characterization, initialization, and cycling performances. (a) Examples of 
applications benefiting from RRAM-based IMC architecture, where the massive use of MVM operations can be carried out in the analog domain by 
storing the weights inside the RRAM. (b) Working principle of a RRAM and its internal configuration. Set and reset operation are responsible for the 
conductive channel established between the TE and BE, and thus the conductance of the memory can be tuned from a HRS to a suitable LRS. (c) SEM 

image of a 32 × 32 crossbar array, where the memories are hosted in vias at the intersection of the TEs and BEs. (d) Detail of a via hosting the RRAM 

memory and the corresponding stack. Vias isolate the memory location and reduce the device-to-device variability. (e) Initialization of the devices by 
forming I-V curves. The image collects the first positive cycle of all devices, with only 5 unswitched devices out of 1024, equivalent to 99.5% working 
devices. (f) Example of 1000 set and reset operations. (g) Distribution of the LRS state reached from all the devices after setting with the proper voltage 
and 600 μA compliance current. (h) Low voltage I–V sweep to check linearity for random states. 
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ncreases above − 0.8 V, the conductance gradually decreases,
ith higher 𝑉𝑝 leading to more effective resets with fewer pulses.
ote that a conductance saturation occurs after some pulses,
ndicating that the reset amplitude becomes no longer adequate
o reset the device. As the pulse duration increases, the reset
peration leads to a deeper saturation point with a lower 𝐺, as
hown in Figure S10a . An alternative reset methodology involves
ncreasing 𝑉𝑝 at each pulse to prevent the saturation effect. This
dvanced Electronic Materials, 2026
is shown in Figure 2b , where 𝐺 is reported as a function of
the number of pulses, starting from different conductance states
and leading to a fully reset operation in the HRS. The most
suitable 𝑉𝑝 depends on the pulse duration, namely, relatively
low voltages are sufficient for relatively long durations (e.g., from
0.8 to 1.3 V at 1 ms) while relatively high voltages are adequate
for relatively short pulses (2 to 2.5 V @ 1 μs ), as shown in the
Figure S10b . Figure 2c shows the measured 𝐺 for increasing
3 of 13
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FIGURE 2 Characterization of the device response to programming pulses, program and verify examples, and proposed strategy to program passive 
arrays. (a) Conductance tuning using constant pulses by varying amplitude and pulse duration, starting from 500 μS . The conductance is monitored 
through a 0.1 V reading pulse between each reset pulse. With V𝑟 𝑒 𝑠 𝑒 𝑡 = − 0.8 V the conductance is not changing even after many reset pulses. Increasing 
the amplitude makes the reset process more evident until the first pulse is enough to almost completely reset the device ( V𝑟 𝑒 𝑠 𝑒 𝑡 = − 1.5 V). (b) Increasing 
reset pulse amplitude response. In green, the different starting conductance levels with 10 μs pulses and 5 mV step. (c) Set operation using constant 
pulses of 100 μs pulses with 0.9–1.6 V amplitude. Set transition does not show a clear trend with the amplitude and the duration. (d) Example of program 

and verify operations for a device that quickly reached the target. Positive pulses set the conductance to higher values while negative ones reduce the 
values, acting as a reset. (e) Proposed strategy to program passive arrays. Since some devices show instabilities and sneak-path issues, the overall matrix 
is programmed at a uniform conductance value above the target, for example, between 8 and 20 μS when we want to program in a 0-5 μS . It should 
be noted that the unwatchable devices have been reallocated by swapping rows and columns but they can potentially encode an HRS state. During the 
set, other half-selected devices already in LRS can switch, thus it is fundamental to properly select the range to allow all the devices to be programmed. 
(f) Reset operations involve lower voltage amplitudes compared to the set operation, thus there are fewer sneak-path issues. The target is programmed 
by only resetting the devices, approaching the values by reducing the distance and the programming step at each iteration. 
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umber of pulses at constant amplitude. Contrary to the reset
peration, the conductance increases abruptly from the HRS
fter the application of a random number of pulses, reflecting
he formation of a conductive filament. By combining the speed
f the set transition with the precision of the reset operation,
onductance can be efficiently tuned by accurate P&V algorithms.
his is shown in Figure 2d , reporting the measured 𝐺 during the
&V process, including a number of set pulses to increase the
onductance above the target point, followed by a number of reset
ulses which allow to minimize the error between the final 𝐺 and
he target state. 

he application of the P&V algorithm to a device within the
rossbar array may lead to parasitic disturbance of devices in
he selected row or column, during both set and reset processes.
o prevent possible parasitic disturbances, we optimized the
&V algorithm according to the following 2-step methodology:
i) all devices in the array are first programmed above a given
onductance, and (ii) they are then gradually reset to the target
onductance. Figure 2e,f illustrates the map of conductance
uring the P&V algorithm for a 24 × 24 subarray of the crossbar
ircuit. First, all RRAM devices are programmed from the HRS to
n LRS conductance range between 8 and 15 μS . Then, a gradual
eset operation is carried out to decrease the conductance to the
of 13
target value. In the figure, we considered a 24 × 24 discrete cosine
transform (DCT) matrix as a target conductance. Figures S11
and S12 provide more details about the first and second steps,
respectively. Figure S13 shows the average number of reset
pulses required to tune the matrix, considering all the iterations.
Figure S14 compares the target conductance matrix with the
experimental result after programming. The total programming
error, expressed as the 𝓁2 norm, is 3.1 % , with a standard deviation
𝜎 = 97 nS. 

Notably, RRAM programming is typically more power- and
latency-hungry than conventional volatile memories such as
static random access memory (SRAM) or dynamic RAM (DRAM)
[ 35 ]. However, (i) the programming overhead can be adjusted
depending on the required weight mapping accuracy of the target
application, and (ii) the weight-stationary nature of typical AI
tasks [ 36–38 ], together with the nonvolatile characteristics of
RRAM, allows programming to be executed una tantum , and
amortized across multiple computations. 

On the other hand, due to the absence of a selecting element,
IR drop can ultimately limit the scaling of the proposed pro-
gramming method to larger memory arrays. To enable scaling to
larger array sizes, several directions can be explored including
Advanced Electronic Materials, 2026
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i) controlling the device LRS, thereby limiting the current
lowing through selected lines, (ii) increasing the conductivity or
idth of metal interconnects, and (iii) using parallel or shorted
ines to effectively reduce line resistance, with predicted maximal
rossbar sizes in the order of 64 × 64 to 128 × 128. To further
nalyze the scalability of the proposed approach, we performed
ircuit-level simulations considering array sizes from 2 × 2 to 128
128, line resistances equal to 4 Ω [ 39 ], and LRS conductances

rom 1 μS to 25 μS (Extended Data Figure S15 ). Consistently
ith previous analytical models [ 40–42 ], the IR-drop-induced
onductance deviation follows an approximate  ( 𝑁2 ⋅ 𝑟 ⋅ 𝐺𝐿𝑅𝑆 )

caling. Under a target effective conductance error of 3%, the
nalysis suggests LRS conductances of approximately 15 μS , 5 μS ,
nd 1 μS for 32 × 32, 64 × 64, and 128 × 128 arrays, respectively,
or 𝑟 ≃ 4 Ω. These results provide practical design guidelines for
electing the LRS range as a function of array size and target
ccuracy [ 43 ]. Furthermore, to enable the solution of larger-scale
roblems, modular architectures comprising multiple crossbars
ith shared programming peripherals will be required [ 44–46 ],
ith arrays operating in parallel to preserve the latency advantage
f IMC over classical computers. 

 IMC Applications 

o fully support the RRAM crossbar array and multilevel
rogramming methodology for IMC, we considered typical data-
ntensive tasks relying on massive MVM, namely (i) image
rocessing with DCT, (ii) neural networks, (iii) quadratic uncon-
trained binary optimization (QUBO) and (iv) non-linear regres-
ion. 

.1 High-Performance Image Compression With 

CT 

ourier transform (FT) is an essential numerical tool that is
enerally adopted for image processing and compression via
mage decomposition into its sine and cosine components [ 47 ].
he FT output represents the image in the frequency domain,
imilar to the case of one-dimensional time series data. The
CT provides a discrete version of the FT, which executes image
ecomposition via the cosine function only. An image can be thus
escribed as the superposition of a finite set of functions referred
o as the basis functions, which are universal, and weighted
hrough proper coefficients. The size of the DCT depends on the
umber of used basis, or spatial wavelengths, and dictates the
idelity of image decomposition. For our scope, we selected a
ideo stream collected by a dashcam with 1920 × 1080 resolution
t a frame rate of 60 Hz. Frames are then extracted and rescaled
o a 192 × 360 size to demonstrate the IMC-based DCT and spatial
econstruction. Figure 3a shows a sketch of the working principle
f the algorithm, referring to the case of a traffic light image,
here the 24 × 24 DCT is applied across the image. The selected
etail of 24 × 24 size can be seen as the superposition of many
ifferent basis functions. 

e adopted a 24 × 24 DCT size and a reference row/column
or sign representation in the RRAM array. Among the various
CT algorithms, we selected the DCT-IV form, whose transform
atrix 𝐖 is orthogonal (i.e., 𝐖 = 𝐖 

𝑇 ). The symmetric form
dvanced Electronic Materials, 2026
allows for a simple and straightforward computation. In fact,
from a mathematical point of view, the frequency coefficients
𝐘 of the input image 𝐗 are extracted from the equation 𝐘 =
𝐖 𝐗 𝐖 

𝑇 , which thus becomes 𝐘 = 𝐖 𝐗 𝐖 in the case of DCT-
IV. Image compression is achieved by retaining coefficients of
𝐘 above a given threshold, typically resulting in annihilation of
high-frequency components. Image reconstruction from the com-
pressed frequency coefficients 𝐘̃ then follows the equation 𝐗̃ =
𝐖 

𝑇 𝐘̃ 𝐖 , which can be rewritten as 𝐗̃ = 𝐖 ̃𝐘 𝐖 for DCT-IV. The
pixel depth is 256 levels (8-bit) grayscale colors, which are encoded
in the applied voltage range between 0 and 100 mV. Figure 3b
and Figure S16 compare the original and the reconstructed
image, where the matrix-matrix multiplications are carried out
via iterated MVMs in the analog domain with our crossbar array.
Owing to limitations of our experimental setup, characterized by
a single-channel DAC (see Extended Data Figure S2 ), we perform
multiplication in situ in the analog domain and accumulation
ex situ in the digital domain. The reconstructed image shows
high quality and accuracy with respect to the original image,
with errors mainly occurring within areas of constant or slowly
varying color, such as in the sky. Figure 3c shows the correlation
plot of the reconstructed image as a function of the input image,
highlighting excellent correlation. To measure the accuracy of our
system, we calculate the peak signal-to-noise ratio (PSNR) [ 48 ],
namely: 

PSNR = 10 log 
10 

𝑀 𝐴𝑋2 
𝐼 

𝑀𝑆𝐸 

(1)

where 𝑀𝐴𝑋𝐼 is the maximum pixel value and 𝑀 𝑆𝐸 is the mean
squared pixel reconstruction error. From our experimental data,
we obtain a PSNR of 32 dB, equivalent to a 4.25-bit fully-digital
reconstruction. Figure 3d provides more information about the
MVM accuracy, reporting the correlation plot for each step of
the computation and evidencing the gradual accumulation of
experimental error. The latter can be attributed to the non-
ideal mapping of the DCT coefficients in the RRAM array and
experimental noise. 

3.2 Neural Network 

In this experiment, we focus on a simple neural network con-
sisting of a single-layer perceptron to support the RRAM for AI
applications [ 49–51 ]. Figure 4a shows a conceptual illustration
of the neural network for handwritten digit recognition [ 52, 53 ].
The input signals, consisting of the image pixel amplitude, are
processed via the weighting matrix 𝐖 mapped in the crossbar
array. The activation function at the output neuron is responsible
for the classification, where only the neuron associated with the
specific digit is activated. The dataset contains 28 × 28 grayscale
(256 levels, 8-bit) images, resized in 10 × 9 with the bilinear
method to maximize the matrix size that can be encoded in the
passive array. Figure 4b shows the 90 × 10 weighting matrix (90
inputs, 10 outputs) that was trained in software by using the
60 000 training images with a learning rate 𝜂 = 0 . 01 and batch
size 10. Further details of the adopted perceptron model and
training are reported in the Methods section. The weight matrix
was sequenced into three blocks and mapped in the crossbar array
via accurate P&V algorithm, as shown in Figure 4b . The MVM
is computed by summing the currents of 3 analog MVMs in the
5 of 13
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FIGURE 3 Demonstration of spatial Discrete Cosine Transform (DCT) algorithm applied to image reconstruction. (a) Sketch and working principle 
of the image compression and reconstruction algorithm, where an image is decomposed as a sum of a set of properly weighted basis functions defined 
by spatial wavelengths. The algorithm consists of two steps, namely coefficient extraction and reconstruction. Coefficients ( 𝐘 ) are first extracted by 
performing blockwise matrix-matrix product between the image ( 𝐗 ), the DCT matrix ( 𝐖 ), and its transpose ( 𝐖 

𝑇 ), typically yielding highly sparse 
𝐘 matrices, with information concentrated in the low-frequency regime (top left). To perform compression, high-frequency components are typically 
discarded using a suitable filter or mask, obtaining a compressed spectrum 𝐘̃ . The image can finally be reconstructed ( ̃𝐗 ) by summing the weighted 
basis function or by applying the DCT transformation. (b) Comparison between details of the reconstructed and the original image. (c) Correlation plot 
of all the pixels experimentally reconstructed and the analytical solution. Pixels are rescaled from 0–255 levels to 0–0.1 V. For each block, values are 
rescaled to minimize the error. d) Correlation plot of all the currents during the 4 matrix-matrix products of the algorithm, highlighting accumulation 
of programming errors across the various algorithm steps. 
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igital domain. Figure 4c shows a correlation of the measured
VM currents as a function of the ideal values for the whole
est set, consisting of 1000 images. A winner-take-all (WTA)
ctivation function was adopted, where the output of the neuron
ith the largest current was set to 1, while all other neurons were
et to 0. Figure 4d shows the accuracy obtained during training
s a function of the bit precision of the weights, compared to the
deal accuracy of 86.1 % with floating point 64-bit (FP64) precision.
he IMC-based inference achieved an accuracy of 84.6 % , where
he slight decrease from the software level can be attributed to the
RAM conductance error. Comparison with results in Figure 4d
ndicates that the RRAM precision is equivalent to 5 bit, in line
ith the mapping error around 3% precision of the P&V algorithm
or multilevel programming. Figure 4e reports the confusion plot,
ndicating that the perceptron classification has a good accuracy
ith only minor confusion among digits. 
of 13

C

3.3 QUBO Solver With Quantum-Inspired 

Annealing 

The RRAM crossbar array was adopted for an IMC-based
implementation of a quantum-inspired parallel annealing imple-
mentation of a QUBO solver. QUBO is a crucial computational
tool to solve a wide range of problems, including scheduling,
logistics and circuit/network design via Hopfield neural network
(HNN) [ 54 ]. In general, these problems aim at minimizing a
cost function where a large number of yes/no decisions must
be made [ 55 ]. In quantum-inspired annealing, the system is
initially prepared in a reference state, then it is allowed to evolve
freely, ideally converging to the global minimum, as sketched in
Figure 5a . A common issue in these approaches is the system
getting stuck to a local energy minimum. Escape from local
minima can be supported by adding intentional noise, where the
Advanced Electronic Materials, 2026
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FIGURE 4 Experimental results for pattern classification using a classifier (perceptron). (a) Sketch of the MNIST image classification task: hand- 
writ ten gr ay-scale digits (encoded in 256 levels) are fed to a single-layer neural network (perceptron) to be recognized. Only the corresponding neuron 
is activated after proper training of the weights (in yellow). Input and output nodes are linked by the weighting matrix 𝐖 . (b) Weighting matrix for 10 
× 9 image size (on the left), with 90 inputs (corresponding to the number of inputs) and 10 outputs (the number of patterns to be classified). Weights 
are offline trained, most of which are zeros (in black). The MNIST dataset is resized from 28 × 28 pixels to maximize the number of weights that can 
be programmed inside the 32 × 32 crossbar. The weighting matrix is finally partitioned into three blocks and arranged inside the matrix (on top). The 
total result is computed by combining the results of three MVM operations, by selecting the proper outputs. On the bottom, the programmed weight 
in the 0–5 μS range and ± 100 nS of maximum error. Reference rows/columns are adopted to implement positive and negative conductance levels, thus 
one additional row and column are added. (c) Correlation plot between the expected currents and the measured currents during the MVM operations. 
Instead of using a standard activation function at the output layer, the maximum currents are selected as a response to the digit recognition. (d) Classifier 
accuracy as a function of the number of conductance levels (i.e., the equivalent bit-precision) and the RRAM-based accelerator performance, equivalent 
to a 4-bit quantized weighting matrix. (e) Confusion matrix. The highest errors for digit 5, confused with the 7 and the 8, and digit 9, confused with 4. 
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oise level gradually decreases according to a cooling scheme as
he computation approaches the solution. 

he combinatorial problem can be solved by IMC by first defining
he optimization cost (or energy) function [ 55, 56 ]: 

𝐸 = 𝐱 𝑇 𝐐 𝐱 

here 𝐱 is a vector of binary variables and 𝐐 is a square
agrangian matrix of coefficients. The coefficients of matrix 𝐐
epend on the specific problem, and are given by the weights
etween nodes in the HNN, as well as by suitable constraints
n the solution, e.g., a node cannot be present in multiple
olutions. 

igure 5b illustrates the quadratic assignment problem (QAP),
hich consists of assigning a set of objects to a set of locations
n a way that minimizes the total cost of the assignment,
epending on the distance between the objects and the locations
dvanced Electronic Materials, 2026
and specific flows of materials. QAP provides the backbone for
airport gate assignments [ 57 ], image segmentation in process-
ing tools, and wiring placement in PCB routing [ 58 ]. In our
example, we considered a 3-facility problem which is associated
with the matrix presented in Figure 5c . Positive and negative
coefficients were mapped in the crossbar array by a differential
conductance approach. The solution was found by iteratively
applying solutions obtained by the gradient descent method, to
ensure convergence, and adding noise to let the system escape
local minima. Both digital noise in the input and analog RRAM
noise were injected in our experiment. Figure 5d shows the
evolution of the average energy function of the network as
a function of the number of iterations during annealing over
100 iteration steps, together with the corresponding solution.
During the evolution, the system explores solutions with dif-
ferent energy levels thanks to the noise effect. By cooling the
noise power with the time evolution, the system is allowed to
converge to a local or global minimum. Due to the stochastic
nature of this approach, the system converges to the global
7 of 13
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FIGURE 5 Quadratic unconstrained binary optimization (QUBO) solver and quadratic assignment problem (QAP) accelerator based on RRAMs. 
(a) QUBO problems rely on the minimization of a cost function (or energy function) by searching for the global minimum of a corresponding energy 
landscape. This formulation is particularly useful to solve Max-Cut problems and is closely related to Hopfield neural networks. (b) QAP example: three 
factories must be located in three different locations, characterized by certain distances and certain flows of material existing between the locations. Given 
the constraints, factories must be assigned to the locations to minimize the cost due to travel and exchanges. (c) Concept scheme of quantum-inspired, 
simulated annealing-based IMC-QUBO solver. At each iteration, the current circuit state is mixed with external noise and a 𝜂-weighted step along the 
gradient descent direction. Noise is progressively decreased during the circuit run to ensure convergence to a stable state. (d) Equivalent energy of the 
solution as a function of the iteration (top), and corresponding state (bottom). White and black pixels encode 1 and 0, respectively. Quantum annealing 
with a controlled noise model is used to run the accelerator, which tries to minimize the energy by the convergence of the solution toward the true 
one. (e) Comparison between simulated and measured success rate for different gradient descent rates and initial noise power to find the best operative 
condition. The highest success rate is reached when the two parameters are similar. (f) Success rate as a function of the flipping rate, for noise injection 
by random bit-flipping. The flipping probability is reduced over time to implement a cooling policy. 
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inimum, representing the correct solution to the problem,
ith a certain probability [ 59 ]. For this reason, the algorithm is
pplied multiple times to explore possible solutions, which are
inally tested to choose the optimal one. Given a success rate
to converge to the optimal solution, the number of attempts

o have a probability 𝑃 that the solution is explored in those
ttempts is 𝑁𝑡 = log (1 − 𝑃)∕ log (1 − 𝑆) . By simply adopting the
radient descent, the system remains stuck after a few iterations
n a local minimum, as shown in Figure S18 . Similarly, the
ystem continuously escapes from the minima without noise
ooling. The best operative condition was studied by simulations
imed at understanding the impact of various parameters, as
eported in Figure S19 . Figure 5e and Figure S20 show the
easured and calculated success rate as a function of the initial
oise power for increasing learning factor 𝑘 for the gradient-
escent. The success rate is maximized when the two parameters
re similar, resulting in a number of attempts around 𝑁𝑡 =
1 . 
of 13

ti
Random flipping was studied as a method to escape local
minima and reach the global minimum. To allow for system
stability, the flipping probability was attenuated in time, as shown
in Figure S21 . As a result, the global minimum solution can
be reached but with a lower probability, i.e., 15 % maximum
probability instead of 21 % . Also, as the number of bits that can
flip increases, the success rate decreases, as shown in Figure 5f . 

To assess the advantage with respect to a classical CPU-based
annealer, we considered optimized circuit peripherals at 14 nm
technology, including 8-bit ADCs [ 60 ] for the additive Gaussian-
noise implementation, 2-bit ADCs [ 60 ] for the bit-flipping
implementation, and transimpedance amplifiers (TIAs) with
suitably scaled feedback resistance [ 61 ]. For the CPU processor,
we refer to [ 62 ] for energy-per-instruction values and suitably
scale them to the same 14 nm technology used for the analog
system, corresponding to an instruction energy and latency of
6 pJ and 0.2 ns, respectively, under a 5 GHz clock. We assume
Advanced Electronic Materials, 2026
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FIGURE 6 Non-linear regression accelerator (a) Sketch of the equivalent circuit implementation to perform non-linear regression. Two matrices 
encode the different powers of the independent variable 𝑥 while the currents map the dependent variable 𝑦. The system spontaneously converges to a 
set of voltages related to the coefficients of the polynomial form that best fit the data set. (b) Example of 4th -order polynomial regressions, for various 
IMC-based attempts (blue) and FP64 solution (red). (c) Coefficient evolution at each iteration step for different regression attempts. The error in the 
conductance tuning is responsible for the spread in the bundle of curves, which increases with the number of iterations, and thus with the number of 
MVMs. (d) Correlation plot of the coefficient values and the analytical solution. The star markers highlight the median value, which is well correlated. 
In the insight, the minimum number of attempts to have ≤ 1% (or ≤ 10% ) error between the median and the analytical solutions. 
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n  ( 𝑁2 ) computational complexity for the digital processor
nd normalize different implementations for a 99% solution
robability. We obtain average per-MVM latencies of 257 ns, 4 ns,
nd 32.4 ns, and energy consumptions of 111 pJ, 1.4 pJ, and
88 pJ for the additive Gaussian noise-IMC, bit-flipping IMC,
nd CPU-based implementations, respectively. Overall, the IMC-
ased implementations enable up to 350 × energy consumption
nd up to 8 × latency improvement, further benefitting from
ystem size upscaling. 

.4 Non-Linear Regression 

egression is a statistical tool that can capture relationships
n experimental data by retrieving the coefficients that best
pproximate the data trend. Regression finds particular interest in
any real-life applications, such as supply and demand problems
linear regression), weight distribution in structural analysis
quadratic), chemical reaction with enzyme kinetics (cubic), or
odeling certain membranes in music (quartic) [ 63–66 ]. Given a
et of data x and y , the general polynomial regression model can
e expressed as: 

𝑦 = 𝛽0 + 𝛽1 𝑥 + 𝛽2 𝑥
2 + 𝛽3 𝑥

3 + 𝛽4 𝑥
4 + … (2)

here 𝑥 and 𝑦 are the independent and dependent variables,
espectively, and 𝛽𝑖 are the regression coefficients. The latter can
e calculated by using the pseudoinverse method, namely: 

𝛃 = 𝐗 

+ 𝐲 (3)

here 𝐗 = [𝟏 𝐱 𝐱 2 …] . Figure 6a shows an IMC circuit for the
ccelerated solution of Equation ( 3 ), consisting of two identical
ross-point arrays storing matrix 𝐗 combined in a negative
eedback loop. Reference rows and columns were added in the
rosspoint array to implement positive and negative weights. 

igure 6b shows the measured 𝑦 as a function of 𝑥 for a 4th-order
egression, comparing the input data mapped in the crosspoint
rray and the curve obtained either by the IMC regression or by
dvanced Electronic Materials, 2026
a numerical solution with FP64 precision. The figure shows the
IMC solutions from 1000 attempts as well as the median of all
the solutions, highlighting good agreement with the numerical
solution. Figure 6c shows the computed coefficients as a function
of the number of iterations, indicating a convergence in less
than 20 iterations. Further results are reported in Figure S22 for
the cases of linear, quadratic, cubic, and quartic regression. The
computed coefficients show that the statistical spread increases
at each iteration, as a consequence of the accumulation of the
programming error with respect to the target. Figure 6d shows
a correlation plot of the computed coefficients as a function of
the ideal values, indicating that the median of the statistical
distribution is in good agreement with the analytical regression.
We estimated that 40 attempts are needed to achieve a 99 %
confidence in the median value, while 20 attempts lead to a 90 %
confidence. Figure S23b shows the results of IMC regression for
the same problem, but with an increasing amount of noise in
the data set, from 5% to 60%. As data noise increases, the error
between the IMC regression and the FP64 solution increases. The
median curve shows good agreement with the analytical solution
in Figure S24 . 

4 Conclusions 

In conclusion, we presented a 32 × 32 crossbar array of Pt/HfO2 /Ti
RRAM, demonstrating a 99.5 % functionality in both initializa-
tion and set/reset processes. We showed reconfigurable weight
mapping in the crossbar array with high-precision multilevel
operation with an error below 3%. 

To support our RRAM technology and multilevel operation
methodology, we investigated four different MVM-based IMC
scenarios with varying complexity, where weight matrices where
encoded in memory arrays using analog-grade RRAMs. First, we
demonstrate in-memory DCT for image compression and recon-
struction, achieving a fidelity above 93%. Second, we implement
a single-layer neural network, achieving an 84.6% classification
accuracy comparable with the FP64 86.1% baseline. Third, we
demonstrate a quantum-inspired QUBO solver with IMC-based
9 of 13

ve C
om

m
ons L

icense



g  

r  

p  

r  

o  

s

5

5

T  

c  

u  

o  

o  

(  

a  

m  

t  

c  

w  

e  

f  

v  

s  

s  

1  

1  

t  

T  

f

5

W  

p  

d  

M  

t  

s  

u  

a  

w  

o  

c  

c  

p  

p  

c  

P  

a

5
R

D  

a  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

𝑖 𝑖 𝑖 𝑖 

 

1

 2199160x, 2026, 18, D
ow

nloaded from
 https://advanced.onlinelibrary.w

iley.com
/doi/10.1002/aelm

.202600012 by C
ochraneItalia, W

iley O
nline L

ibrary on [25/09/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reati
radient descent realized by in-memory MVM, supporting the
obustness of our crossbar arrays. Finally, we stress-test the
rogramming accuracy by implementing in-memory nonlinear
egression. Overall, these results corroborate the RRAM technol-
gy in terms of uniformity, multilevel operation and reliability, to
upport energy-efficient IMC in various real-life scenarios. 

 Methods 

.1 Devices Fabrication 

he devices presented in this work were fabricated with CMOS-
ompatible processes for back-end-of-line (BEOL) integration,
sing standard optical lithography, metal deposition, and lift-
ff processes. The bottom electrode platinum film was deposited
n top of CVD-grown SiO2 through electron-beam evaporation
Evatek BAK640) after patterning AZ5214E photoresist for neg-
tive processes with a 365 nm UV light Heidelberg MLA100
askless aligner. Then, a 70 nm SiO2 spacer layer is grown
hrough CVD to insulate the BEs. A second lithographic step was
arried out to pattern 1 μm diameter circular features. The pattern
as used to realize vias in the spacer oxide layer by reactive ion
tching in a CHF3 -O2 plasma until the surface of the platinum
ilm was exposed. The etching step allows to obtain cylindrical
ia holes that will host the memory device. A final lithographic
tep was performed, and a 5 nm hafnium oxide (HfO2 ) layer was
puttered in Leybold LH Z400 in reactive oxygen conditions, with
2:1 Ar:O2 ratio, 50 W with a rate of about 2 nm/min. Finally, the
30 nm Ti TE was sputtered without breaking vacuum to preserve
he oxide/metal interface from unwanted oxidation and moisture.
he TE was capped with 20 nm of gold to improve the pad surface
inishing for bonding. 

.2 Electrical Characterization and Experiments 

edge bonding of RRAM arrays on custom chip carriers was
erformed in-house by using Bondtech 56i. A custom board with
iscrete components (analog switches, ADC, DAC, OpAmp, and
CU) was developed to address and properly bias the arrays and
he elements, as well as for programming. For the latter, a 𝑉∕2
cheme was used, whereby all TE and BE lines pertaining to
nselected devices are grounded. For the selected device, the TE
nd BE lines are instead biased to + 𝑉∕2 and − 𝑉∕2 , respectively,
here 𝑉 is the programming voltage. Conversely, during read
perations, a read voltage 𝑉𝑟 𝑒 𝑎 𝑑 is applied to the TE of the desired
ell, while all remaining TEs are grounded. The BE of the selected
ell is connected to the on-board transimpedance amplifier (TIA),
roviding a virtual ground, whereas BEs of unselected devices are
hysically grounded. An on-board current compliance protection
ircuit was designed for the set operation. Keysight B2902A
recision Source/Measure Unit was used to calibrate the board
nd to carry out part of the device characterization. 

.3 Reference Scheme for Weight Sign 

epresentation 

ifferential conductance mapping usually requires twice the
rea to properly store the positive and negative components of
0 of 13
the weight. In such a scenario, considering a 32 × 32 array
size, the maximum problem to be mapped in the array would
be limited to 16 × 32. To overcome this area limitation, we
adopted a reference topology where one additional row and one
additional column are added to the array, storing a reference
conductance acting as “0” level. The reference topology consists
of linearly encoding the conductances by a proper scale factor
and a bias, which corresponds to a rigid shift, according to the
equation: 

𝐆 = 𝑐1 𝐖 + 𝑐2 𝐉 (4)

where 𝐉 is the matrix of all ones, and coefficients 𝑐1 , 𝑐2 are given
by: 

𝑐1 =
𝐺max − 𝐺min 

max (𝐖 ) −min (𝐖 ) 
(5)

𝑐2 = 𝐺min − 𝑐1 min (𝐖 ) (6)

An additional BE and TE are required to encode the rigid
shift. For a 32 × 32 array, this results in a maximum problem
size of 31 × 31 . Note that the shift in the mapping requires
subtracting a pattern-dependent term proportional to the input
voltages and the bias shift during the MVM operations. Thus,
two MVMs are required to compute the right set of currents.
The current voltage conversion is carried out using the 𝑐1 
factor. 

5.4 Weight Update for Single-Layer Perceptron 

The single-layer neural network (perceptron) implemented in
this work relies on the gradient descent method for weight update
[ 27 ]. The layer was trained offline, and the resulting values are
encoded in the passive resistive array. In the forward step, MVMs
are performed between the input 𝐱 and the weighting matrix 𝐖 .
The output 𝐳 is fed to the activation function, and the expected
result 𝐭 is compared to the predicted one 𝐲 , following: 

𝐳 = 𝐖 𝐱 with 𝑧𝑖 =
90 ∑
𝑗= 1 

𝑊𝑖𝑗 𝑥𝑗 (7)

𝐲 = 𝜎(𝐳 ) (8)

𝜀 = ||𝐭 − 𝐲 ||2 2 (9)

where 𝜎( ⋅) is the sigmoid function. In the backward step, the
weight updates Δ𝐖 are performed, following the backpropaga-
tion algorithm: 

𝜕𝜀 

𝜕𝑦𝑖 
= −1 

2 
( 𝑡𝑖 − 𝑦𝑖 ) (10)

𝛿𝑖 =
𝜕𝜀 

𝜕𝑧
= 𝜕𝜀 

𝜕𝑦

𝜕𝑦𝑖 
𝜕𝑧

= −1 

2 
( 𝑡𝑖 − 𝑦𝑖 )

𝜕𝜎( 𝑧𝑖 ) 

𝜕𝑧
(11)
Advanced Electronic Materials, 2026
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ALGORITHM 1 Simulated annealing algorithm for quantum- 
inspired QUBO solver 

Require : 𝐐 ∈ ℝ𝑛×𝑛 , 𝑁𝑖𝑡 , 𝜂, 𝑝𝑛 

1: Initialize 𝐱(1) ∼  ({0 , 1}𝑛 ) 

2: for 𝑖 = 2 to 𝑁𝑖𝑡 do 
3: 𝐬 ← − 2𝐐 𝐱 ( 𝑖− 1) ▹ In-memory energy gradient MVM 

4: 𝐱( 𝑖) ← 𝐱 ( 𝑖− 1) − 𝜂𝐬 

5: 𝜎 ← 2 𝑝𝑛 exp 
(
− 2 𝑖 

𝑁 

)
6: 𝐱 ( 𝑖) ← 𝐱 ( 𝑖) + 𝜎𝝃 , where 𝝃 ∼  (𝟎 , 𝐈 ) 

7: 𝐱( 𝑖) ← 𝕀
[
𝐱 ( 𝑖) ≥ 0

]
8: 𝐸( 𝑖) ← (𝐱 ( 𝑖) )⊤𝐐 𝐱 ( 𝑖) 

9: end for 
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Δ𝑊𝑖𝑗 = − 𝜂
𝜕𝜀 

𝜕𝑊𝑖𝑗 

= − 𝜂
𝜕𝜀 

𝜕𝑧𝑖 

𝜕𝑧𝑖 
𝜕𝑊𝑖𝑗 

= − 𝜂𝛿𝑖 𝑥𝑗 (12)

or the sigmoid function, the first derivative can be derived as: 

𝜕𝜎( 𝑥) 

𝜕𝑥 
= 𝜎( 𝑥)[1 − 𝜎( 𝑥)] (13)

hus yielding the final weight update: 

Δ𝑊𝑖𝑗 =
𝜂

2 
( 𝑡𝑖 − 𝑦𝑖 ) 𝜎( 𝑧𝑖 )[1 − 𝜎( 𝑧𝑖 )] 𝑥𝑗 (14)

.5 Simulated Annealing Algorithm for 
uantum-Inspired QUBO Solver 

his section details the simulated annealing algorithm employed
n simulations and measurements of the quantum-inspired
UBO solver. Let 𝐐 be the matrix associated with the energy func-
ion to be minimized, 𝜂 the gradient descent rate, 𝑝𝑛 the initial
oise power, and 𝑁𝑖𝑡 the number of iterations (See Algorithm 1 ). 
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