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Abstract

Vector-matrix multiplication (VMM), implemented through multiply-accumulate (MAC)
operations, represents the dominant computational primitive in many artificial intelligence
(AI) workloads. When executed on conventional von Neumann architectures, VMM op-
erations suffer from important energy consumption and latency due to the separation
between memory and processing units. To overcome these limitations, crossbar arrays built
from Resistive Random Access Memory (RRAM) cells have been proposed for accelerating
VMM computations. In this work, we investigate the key optimization trade-offs associated
with implementing RRAM-based neural networks for classification applications. A simple
two-layer neural network is first defined and trained in software to generate the weight ma-
trices and bias parameters. Next, three hardware implementation scenarios are evaluated
depending on whether negative floating-point numbers are used: Positive Weights Only
(PWO), Positive and Negative Weights Only (PNWO), and Positive and Negative Weights
with Biases (PNWB). The different implementations are analyzed at the hardware level by
examining classification accuracy, energy efficiency, latency, and area overhead. The study
further incorporates important RRAM limitations, including restricted conductance range
and device variability. Hardware results show that the PWO scenario offers the lowest
energy consumption (189 f]/MAC) and area overhead but results in the lowest accuracy.
PNWO and PNWB significantly improve accuracy (+177% and +180%) but increase energy
consumption (+63% and +87%) and area (x2 and x2.1). Under variability effects, PWO
achieves better accuracy (94.65%), followed by PNWO (93.11%) and PNWB (92.11%).

Keywords: memristors; crossbar arrays; RRAM; hardware acceleration; vector-matrix
multiplication; neural networks; image classification
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Modern Al hardware like GPUs and TPUs is engineered for parallel execution and
efficient large-scale data processing [1]. In contrast, memory systems often struggle to
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in convolutional neural networks (CNNs) [4]. During VMM operations in artificial neural
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networks, the processing workload may surpass the speed at which data can be retrieved
from memory. This imbalance is often described as the memory wall, which reflects the
increasing disparity between processor performance and memory access bandwidth [5].
While this disparity grows, there is a pressing need for alternative approaches, and in-
memory computing emerges as a promising paradigm, enabling data processing to occur
directly within memory units [6].

One potential candidate for in-memory computing is Resistive Random Access Mem-
ory (RRAM). RRAM has gained particular attention in the context of ANNSs due to its ability
to emulate synaptic behavior, while being easily integrated into the back-end-of-line (BEOL)
process of transistors [7]. ANNs are composed of numerous interconnected processing
elements, commonly called neurons or nodes, arranged in a particular architecture to enable
communication between them. Neurons interact through connections known as synapses,
each of which is assigned a weight that affects signal transmission over the network. These
weights can either strengthen or weaken the signals passing through the network [8,9].
In this context, RRAM crossbar arrays have emerged as a powerful solution, capable of
emulating the structure of an ANN by directly storing and manipulating synaptic weights
in memory [10]. In RRAM crossbar architectures, VMM is achieved by exploiting the pro-
grammable conductance of individual memory cells. Input vectors are encoded as voltages
applied along the rows, while synaptic weights are mapped to the conductance states of the
cells. The resulting currents, proportional to the product of voltage and conductance, natu-
rally perform parallel weighted summations across columns in a single operation [11,12].
However, recent research has highlighted several limitations of performing VMM using
crossbar arrays of RRAM devices, including device variability [13], a limited conductance
range [14], nonlinear I-V characteristics [15], interconnect resistance [16], and sneak path
currents [17]. Overcoming these challenges is essential for the efficient deployment of
RRAM crossbar arrays in machine learning applications.

The primary contributions of this study are outlined below:

e  The modulation capability of manufactured RRAM devices is assessed through electri-
cal characterization.

e An ANN model is trained for image classification, generating three distinct sets of
parameters based on constraints imposed on weights and biases.

o  Post-trained parameters are mapped onto an RRAM crossbar array, enabling a hard-
ware implementation.

e  Electrical simulations are conducted to assess the crossbar array’s ability to perform
VMM while accounting for critical hardware limitations, including device variability
and a restricted conductance range.

The rest of this paper is organized as follows. Section 2 presents the specifications of
the fabricated RRAM cells. In Section 3, the ANN hardware weight mapping methodology
is presented considering a 2-layer neural network designed for image classification. In
Section 4, electrical simulations of the hardware implementation, including VMM multipli-
cation, are conducted and compared with software-level simulations. Section 5 examines
in depth the influence of RRAM variability on the ANN performance. Section 6 discusses
the key findings and their implications. Section 7 concludes the paper.

2. Specifications of Manufactured RRAMs
2.1. RRAM Memory Cell Characterization

Figure 1la presents a 1T-1R RRAM cell. In the 1T-1R structure a single transistor
(W =0.8 ym and L = 0.5 um) is serially attached to one resistive element (RRAM) integrated
in the BEOL between metal lines of 130 nm technology [7]. The resistive stack is added
using Physical Vapor Deposition (PVD). A 10 nm layer of hafnium dioxide (HfO,) is first
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deposited on a TiN bottom electrode (BE). After that, A Ti/TiN bilayer stack is placed to
form the top electrode (TE). Figure 1b shows a classical 1T-1R I-V characteristic in the form
of an electrical hysteresis. Based on this hysteresis, the device operation can be seen as
follows: after an initial electro-Forming (FMG) step, not described here [18], the RRAM cell
can be switched between a high-resistance state (HRS) and a low-resistance state (LRS) by
applying appropriate voltages to the BL (Bit Line), WL (Word Line), and SL (Source Line)
nodes. RRAM switching corresponds to a sudden change between the HRS and the LRS.
The resistance change is triggered by applying a specific voltage across the 1T-1R cell. Vggr
switches the cell to LRS after a SET operation and Vgt switches the cell to HRS after a
RESET (RST) operation. To highlight the variability of the technology, Figure 1c presents in
gray different SET/RST cycles superimposed on the initial I-V characteristic. It shows that
the RRAM electrical parameters, including Ryjrs, Rrrs, Vser and Vysr are clearly affected
by variability. In the 1T-1R structure, the transistor modulates the cell current according
to its gate voltage, constraining it to a maximum level I, referred to as the compliance
current. Regarding device reliability, the technology achieves endurance of >10° cycles.

Current (A)
Current (A)

L L L L i i . . . : L L
-5 -1.0 -05 0.0 0.5 10 -1.5 -1.0 -0.5 0.0 0.5 1.0
Voltage(V) Voltage(V)

(@) (b) (©)

Figure 1. (a) Symbol view of a 1T-1R cell. (b) RRAM I-V characteristic. (¢) RRAM I-V characteristics
superimposed to show the variability of the technology.

Table 1 summarizes the bias conditions together with the associated nominal resistance
and conductance values. A nominal conductance ratio of approximately 16 (66.6 uS/4 pS)
can be achieved. During the read operation, a low voltage (around 0.1 V) is used to prevent
any alteration of the RRAM cell’s current state.

Table 1. RRAM cell operating voltages.

FMG RST SET READ
WL 2V 25V 2V 25V
BL 33V ov 12V 01V
SL ov 1.2V ov ov
Resistance 10 kQ) 240 kO 15 kQ) -
Conductance 100 uS 4 uS 66.6 uS -
RRAM state LRS HRS LRS unchanged

The switching mechanism in RRAM devices can be understood at the physical level
as the formation or dissolution of conductive filaments (CFs). Under an externally ap-
plied voltage across the device, filaments consisting of oxygen vacancies are generated
or ruptured according to the voltage polarity. During the SET process, these filaments
develop within the metal oxide layer and connect the top and bottom electrodes, thereby
creating a conductive path that allows current to pass through the cell. A notable feature of
the considered RRAM technology is its ability to provide a wide spectrum of LRS states
depending on the SET compliance current level. The higher the gate voltage, the greater
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the SET compliance current, and the thicker the CFs, resulting in higher cell conductance.
This feature of the technology can be understood as the progressive formation of CFs [18],
as shown in Figure 2, leading to multiple LRS levels, ranging from LRS1 to LRS3. This
ability of a single memory cell to store multiple bits of data by utilizing different resistance
states is also referred to as Multi-Level Cell (MLC).

@ Oxygen vacancy Increasing compliance current during SET

TE: Top electrode
BE: Bottom electrode

Increasing LRS conductance

TE TE TE TE
BE BE BE BE
HRS LRS1 LRS2 LRS3

Figure 2. Illustration of the MLC capability of RRAM technology. MLC can be achieved by controlling
the SET compliance current through the gate of the select transistor in a 1T-1R cell during SET. As
the gate voltage increases, the CF thickness increases between the TE and BE electrodes, resulting in
multiple resistance levels (LRS1 to LRS3).

2.2. RRAM Memory Array Characterization

Measurements were performed on a dedicated test chip integrating an RRAM memory
array, described in detail in [13]. The fabricated elementary 7 x 7 cell array is available both
at the wafer level and in packaged form for electrical characterization. The measurement
protocol is presented in Figure 3a. After an initial FMG stage, all the CFs of the 49 RRAM
cells are created. Then, the memory array is programmed 200 times (i.e., 200 successive
RST/SET cycles are applied to each cell of the 7 X 7 memory array). To characterize the
distribution of HRS resistances (following individual RST operations) and LRS resistances
(following individual SET operations), a READ operation is conducted after each RST and
SET operation. Note that this protocol allows capturing device-to-device (D2D) as well as
cycle-to-cycle (C2C) variability. D2D variability is captured by considering multiple cells
across the array. C2C variability is captured by repeating SET/RST operations on each cell.
Figure 3b presents the HRS and LRS resistance cumulative probabilities. Each distribution
includes 9800 measurements (49 x 200). Both HRS and LRS suffer from variability, with a
more pronounced HRS spread, which is a classical characteristic of the addressed RRAM

technology [19].
FMG @ Vg = 3.3V 1.0 r
RST @ Vg = 1.8V 208
Qo
2
200 times £06
Read @ 0.1V ) :
204
SET @ V= 1.2V g
30.2
ol —w

104 10° 10° 107
Cycle # (log scale)

(a) (b)

Figure 3. (a) Measurement protocol: after FMG, each addressed cell undergoes 200 repeated RST/SET
cycles. Each RST and SET operation is followed by a readout to determine the cell resistance.
(b) Cumulative probability of HRS and LRS obtained from 9800 SET and RST cycles.

2.3. RRAM Conductance Modulation for Synapse Emulation

The synaptic behavior of a RRAM cell relies on its ability to electrically and incre-
mentally increase or decrease the conductance of the cell. Different approaches can be

https:/ /doi.org/10.3390/electronics15081710


https://doi.org/10.3390/electronics15081710

Electronics 2026, 15, 1710

50f 17

used to modulate the RRAM cell conductance, including controlling the maximum voltage
during RST [20], adjusting the SET compliance current [21], or varying the pulse width
and amplitude of SET/RST pulses [22]. In this work, the compliance current modulation
approach is employed by adjusting the compliance current I, through the RRAM cell’s
gate voltage VL.

During a conventional SET operation, the final cell resistance depends on the max-
imum current permitted through the cell. This current, flowing through the bit line, is
controlled by adjusting the word line voltage Vyy. Figure 4a shows the evolution of the
different I-V characteristics in the SET direction for different gate voltage values Vwr.
11 different V., voltage levels are considered, ranging from 1 V to 2 V with a 0.1 V voltage
step. When Vyy, increases, the maximum SET current I.. increases, resulting in 11 distinc-
tive LRS levels. Figure 4b presents the impact of Vw, on Ry rg during a SET operation at the
memory array level. Each WL gate voltage is associated with 490 resistance values related
to the cells of the 7 X 7 memory array. When V. is low, resistance dispersion remains
minimal due to the strong control exerted by the gate voltage over the cell current. As
Vwi increases, resistance dispersion expands [23]. The median values of each distribution,
connected by a bold black line, illustrate a consistent decrease in RRAM cell resistance with
increasing gate voltage. Table 2 summarizes the key parameters of each box plot distribu-
tion shown in Figure 4b. For each gate voltage level, the mean and standard deviation of
the resistance distribution have been computed. Two key observations can be made: (i) the
median resistance and conductance values range from 11.01 k() to 38.56 k() and 83.96 uS
to 25.92 S, respectively; (ii) as the gate voltage decreases, the standard deviation increases,
limiting the feasibility of implementing lower conductance values.

led

Current (A)
Rirs (ohms)

0.0 0.2 0.4 0.8 10 12

0.6
Voltage (V)

(a)

Figure 4. (a) RRAM I-V characteristics in the SET direction for increasing Vy, and (b) Rprs(Vwr)
box plots extracted at the memory array level, where each box plot includes 490 resistance values,
with Vy, ranging from 1V to 2 V with a 0.1 V voltage step.

Table 2. LRS(Vy) BOX PLOT ANALYSIS.

Ve (V) u () u (uS) o ()
2 11.30 kO 87.8 uS 1101
1.9 11.56 kQ) 86.52 uS 993
1.8 11.90 kO 83.99 uS 934
1.7 12.21 kO 81.92 uS 777
1.6 12.99 kO3 76.94 uS 859
1.5 14.08 kQ) 71.02 uS 1097
1.4 16.02 kQ) 62.43 uS 1546
1.3 18.89 kO 52.96 uS 1996
1.2 22.27 kO 4494 uS 3079
1.1 28.83 k) 34.69 uS 5413
1 38.56 k() 25.92 uS 9851
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3. Neural Network Hardware Mapping Methodology

This section outlines a detailed, step-by-step approach for implementing an RRAM-
based neural network aimed at image classification. The approach consists of transferring
the neural network parameters (i.e., weights and biases) from a pre-trained software model
onto a physical RRAM crossbar array, following three steps: (i) defining the ANN architec-
ture and generating the offline model using a software-based approach; (ii) mapping the
learned weights and biases onto the hardware; (iii) executing vector-matrix multiplication
at the RRAM crossbar array level during inference.

3.1. ANN Architecture Definition and Training

A two-layer fully connected (FC) neural network (NN) is designed, trained, and
evaluated for image recognition at the software level. The dataset includes ten different
classes consisting of digits (0-9). Each class contains six distinct instances. This simplified
dataset is used only to validate the hardware mapping methodology. Each input image
consists of a 5 x 4 pixel matrix, totaling 20 pixels. Pixel intensities are encoded as integer
values ranging from 0 (black) to 255 (white) and are normalized to the [0, 1] interval
after a preprocessing step. The model architecture is presented in Figure 5. It comprises
an input layer (20 neurons) and an output layer (10 neurons, representing digit classes).
The network has 200 weights (20 x 10), represented by synaptic connections, along with
10 biases. Training is performed over 200 epochs. We deliberately omit the softmax output
layer to consider raw output values, which are essential for direct comparison with the
hardware crossbar array’s output responses (i.e., currents).

200 Synaptic neurons

Weights Fize = \ (classes)
10 biases N

10 output
0000000000 ki

Floating numbers
El Ne
@l Positive

0000000000000 00 00 00 2inputneurons
\ l\ \\

Figure 5. A two-layer FC neural network with 20 input neurons and 10 output neurons (used to
encode the 5 x 4 pixel digits), defined by 210 parameters: 200 weights and 10 biases.

In TensorFlow, when building a NN model, various options are available for con-
figuring the model parameters according to specific requirements, including polarity.
Three scenarios are analyzed at the software level depending on whether negative floating-
point numbers are used: Positive Weights only (PWO), Positive and Negative Weights Only
(PNWO), and Positive and Negative Weights with positive and negative Biases (PNWB).
Table 3 summarizes these three scenarios along with the corresponding software accuracy
and loss function results. Software simulations confirm 100% inference accuracy after
200 epochs, validating the model’s correct predictions before hardware deployment. How-
ever, the loss function results, which quantify the model error, show significant differences,
with scenario #3 showing the lowest loss value.

Table 3. Software training results for the three scenarios.

Scenarios Acronym Accuracy Loss

#1: Positive Weights Only PWO 100% 0.810

#2: Positive and Negative Weights Only PNWO 100% 0.555
#3: Positive/Negative Weights & Biases PNWB 100% 0.162
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3.2. ANN Hardware Mapping onto a Crossbar Array

Figure 6 illustrates how the 2-layer neural network model, presented in Figure 6a,
can be mapped onto the crossbar array shown in Figure 6b. In Figure 6a, X; are the input
neurons and Y the output neurons, with i ranging from 1 to n and k ranging from 1 to m.
The input and output neurons are connected through wires that act as synapses (Wj;). The
software model can be converted into a hardware representation by mapping its parameters
to conductance values, as illustrated in Figure 6b. This process is enabled by the select
transistor, which allows individual access to each cell and precise control of the current
passing through it, thereby ensuring accurate conductance mapping. In practice, the gate
voltage of the selection transistor is controlled to precisely adjust the compliance current
during the SET operation to obtain conductance values ranging from approximately 25 uS
to 88 uS, according to Table 2. At the crossbar array level, cells in a row are arranged
by connecting the transistor gates to the Source Line (SL) and the transistor drains to the
WL, while the cells in a column are arranged by attaching the bottom electrodes of the
1T-1R cells to the Bit Line (BL). Input vectors (X;) are associated with input voltages (V;),
while the outputs Yy, are associated with output currents I;. Regarding the matrix of weights
(W), it is translated into a conductance matrix, where each element is represented as the
inverse of the corresponding resistance Ry; (i.e., equivalent RRAM cell resistance). It is
worth mentioning that the conductance values are extracted from the weight matrix via a
linear transformation [24].

Blm

(a) (b)

Figure 6. (a) A two-layer fully connected neural network with 20 inputs and 10 outputs. (b) A 1T-1R
neural network mapped onto a crossbar array.

3.3. Vector—Matrix Multiplication in a 1T-1R Array

VMM involves multiplying a one-dimensional vector by a two-dimensional matrix to
produce another vector. As previously mentioned, an array of RRAM cells can inherently
perform VMM in a single step by summing the output currents of the array. At the software
level, Equation (1) shows that VMM involves computing the outputs of the network Y given
the input X and the weight matrix W. This operation relies on a weighted sum of inputs (i.e.,
each input X; is multiplied by its corresponding weight W;; and all products are summed to
obtain the outputs Yj). At the hardware level, during inference, appropriate input voltages
V; are applied to the crossbar inputs WL;, while all selection transistors are activated via
the SL; control signals. This operation generates currents that are collected at the column
lines BLy, as expressed in Equation (2). In this equation, R denotes the programmable
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resistance of the RRAM cell (G = 1/R is the corresponding conductance), V; is the applied
input voltage at each row of the crossbar, and I} is the resulting current at each column
node. I is proportional to the product of the input voltage and the cell’s conductance
(which represents the weight), effectively computing weighted sums simultaneously across
multiple columns. In the rest of the paper, I currents are considered the circuit responses.

i=n
YkZZWkZX, 1<k<m 1
i=1

Ik:Z—'~\/i 1<k<m )

4. Neural Network Hardware Emulation
4.1. Hardware Simulation Setup

The design and simulation of a 20 x 10 1T-1R array were carried out using the Eldo
simulator in the Cadence Virtuoso framework. The RRAM cells were described by a compact
model calibrated on silicon measurements [25], incorporating variability tuned to match
experimental data.

After conductance mapping, the inference phase converts digital pixel values into
corresponding voltage levels. A white pixel (255) is mapped to 0.3 V applied to the crossbar
rows, while a black pixel (0) corresponds to 0.0 V. These voltage levels are carefully chosen
to avoid any unintended modification of the RRAM conductance states during inference.

Since RRAM cannot directly store negative values, differential encoding has been
adopted [26]. This strategy involves using two columns for each synaptic weight, com-
bined with bipolar (positive and negative) input signals, to differentiate between positive
and negative weights. In this scheme, each synaptic weight, referred to as W, is represented
by two conductances (or two columns in the crossbar array). One column, biased with a
positive voltage, stores the positive component G, while the other, biased with a negative
voltage, stores the negative component G~. Depending on the weight sign, the correspond-
ing column is programmed with the appropriate weight value. Similarly to weights, biases
can also be encoded differentially to represent both positive and negative values using two
additional rows b™ and b~. Biases are implemented through dedicated rows with fixed
conductance values, driven by constant input voltages. This configuration allows each
neuron to include a constant bias term, which is inherently summed with the weighted
input signals at the crossbar outputs. The inclusion of positive and negative biases enables
a shift in the neuron activation threshold, improving the representational capability of the
network and facilitating the mapping of software-trained models to hardware. In particular,
biases help compensate for limited conductance ranges, thereby enhancing classification
accuracy without modifying the input encoding scheme. Figure 7 illustrates this approach
with a 4 X 4 RRAM array. For simplicity, single-resistor (1R) RRAM cells are used to
represent 1T-1R cells. In Figure 7, the green array corresponds to the positive weight’s
contribution, while the blue array represents the negative weight’s contribution. Also,
two red rows are included to account for positive and negative biases. In this approach,
unused weights or biases are set to HRS values. Additionally, negative weights and biases
induce negative currents I~, meaning the current flows towards the negative terminals of
the voltage sources. Also, note that transimpedance amplifiers (TIAs) can be added to the
output bit lines for current-to-voltage conversion and signal amplification.

https://doi.org/10.3390/ electronics15081710


https://doi.org/10.3390/electronics15081710

Electronics 2026, 15, 1710

90f17

+Vin G+ array =Vin G- array

A N A R R A I A R A

2
R R R
it |\% % % % - ;%QOWEightse+
TR TR g,
Y Y Y Y

Figure 7. Illustration of a 4 x 4 elementary RRAM array, where separate 4 x 4 sets of RRAM cells are
used to represent positive and negative weights. Additionally, two dedicated rows, each containing
four RRAM cells, are allocated for the positive and negative biases.

4.2. Simulation Results

The accuracy of the prediction is assessed by comparing the response of the model
at the software level and the currents measured for the three different scenarios. The first
analysis is conducted for a NN model generated at the software level with Positive Weights
Only (PWO). Figure 8 presents inference results for digits (0-9), comparing software-based
(red bars) and hardware-based (blue data points) inference results. The figure is arranged
into 10 subplots. The X-axis corresponds to the output classes, while the Y-axis represents
both the output logits (left side) and the current values in amperes (right side). Logits
represent the results of the VMM operation before applying any activation function, while
currents are extracted after hardware-based simulations. For each of the ten digits, red bars
and blue data points represent the amplitudes of the output logits and currents, respectively.
Dark red indicates the target digit logit; light red shows logits meant to be ignored. A
correct inference occurs when the amplitude of the target logit (dark red bar) exceeds all
other logits in its respective subplot. The margin between the target logit and other logits
indicates the inference confidence. The same principle applies to the amplitude of the data
points representing currents. Based on these observations, Figure 8 demonstrates a clear
correlation between current measurements and software logits, confirming the efficiency
of the hardware implementation. Both software and hardware achieve a perfect inference
accuracy of 100%.

Figure 9 presents inference accuracy results for the scenario where only Positive and
Negative Weights (PNWO) are considered. Similarly to the previous configuration, both
software and hardware achieve an overall accuracy of 100%. However, a notable difference
is that negative weights lead to negative current or logit values for some digits. This
characteristic enhances classification robustness, as most ignored classes receive negative
values, thereby increasing the separation between the target digit and the ignored digits.
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Figure 8. Inference test results achieved after NN parameters generation with Positive Weights Only
(PWO) at the software (bars) and hardware (data points) level.
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Figure 9. Inference test results achieved after NN parameters generation with Positive and Negative
Weights Only (PNWO) at the software (bars) and hardware (data points) levels.

This approach, however, results in a larger area footprint, as the number of rows and
columns in the crossbar array is doubled (see Figure 7). The last analysis, presented in
Figure 10, is conducted for a NN model generated at the software level with Positive and
Negative Weights and Biases (PNWB). Accuracy results at both the hardware and software
levels show an accuracy of 100% in both cases. Qualitatively, no significant difference is
observed compared to the previous configuration, indicating that the inclusion of bias has
a negligible impact on inference results. From a crossbar matrix size standpoint, in addition
to doubling the number of columns, two additional rows are required at the crossbar array
level to accommodate positive and negative biases (see Figure 7).

4.3. Result Analysis

To evaluate prediction confidence during inference, we employ the Margin Confidence
(MC) [27], defined as the margin between the largest and second-largest logits (or currents).
This difference is then normalized by the highest logit (or current) in each inference result
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and expressed as a percentage, providing a relative measure of the confidence of the
different models. Starting from the MC metric, a global measure of the prediction confidence
over the entire dataset is obtained by computing the average margin confidence MCyy,.
This metric is computed by averaging the margin confidence MC;, for each digit up to
N =10, as defined in Equation (3).

1 =N
MCM,g:NZMCi 1<k<N (3)
i=1

MCpyq relative results are summarized in Table 4 for the three evaluated scenarios. A
higher MC value reflects a greater prediction confidence. For the PWO scenario, the relative
MC average of the software approach is 23.54%, while the hardware approach achieves
an MCpyg of 17.50% (6.04% drop), highlighting the superior prediction efficiency of the
software approach. Similarly, in the PNWO and PNWB scenarios, MCyyg reaches 73.12%
and 72.54%, respectively, at the software level. It drops to 65.24% (7.99% drop) and 63.19%
(9.35% drop), respectively, at the hardware level.
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Figure 10. Inference test results achieved after NN parameters generation with Positive and Negative
Weights along with Biases (PNWB) at the software (bars) and hardware (data points) level.

Table 4. Hardware & software scenario metrics.

Scenarios PWO PNWO PNWB
MC,, Soft: 23.54% Soft: 73.12% Soft: 72.54%
3 Hard: 17.50% Hard: 65.24% Hard: 63.19%
Current 1261 pA 2056 pA 2148 pA
Energy 37.8pJ] 61.6 pJ 63.2 pJ
Energy /MAC 189 f]/MAC 308 f]/MAC 316 fJ/MAC
Area 1 2 2.1

From an energy standpoint, hardware simulations reveal that the average current
consumption per inference is 1261 pA for the PWO scenario while for the PNWO and
PNWB scenarios, it increases to 2056 pA and 2148 pA, respectively. Energy efficiency can
be assessed using various metrics, such as the total inference energy, which corresponds
to the energy needed to process an entire input digit. Considering an input voltage pulse
of 0.3 V with a duration of 100 ns during inference, the total energy consumption is
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estimated at 37.8 pJ, 61.6 pJ, and 63.2 pJ for the PWO, PNWO, and PNWB configurations,
respectively. Another way to quantify energy efficiency is through the energy consumed per
MAC operation. Processing a single input sample involves 200 MAC operations (20 input
neurons X 10 output neurons), yielding an energy per MAC of 189 fJ/MAC, 308 {f]/MAC,
and 316 {fJ]/MAC for the PWO, PNWO, and PNWB scenarios, respectively (see Table 4).
Note that the reported values correspond to the core crossbar energy only, excluding
DAC/ADC and peripheral circuitry. The latency of the VMM engine is on the nanosecond
scale, as it is primarily dictated by RC delays (i.e., resistance—capacitance effects) within
the crossbar interconnects. However, since this calculation does not account for peripheral
components like DACs and ADCs, the reported latency should be considered carefully, as
the crossbar array produces output currents nearly instantaneously. From an area overhead
perspective, the compactness of the hardware design is determined by the crossbar array
size. As shown in Table 4, the PNW configuration occupies twice the area of the PWO
configuration, which serves as the reference. The PNWO configuration has a slightly larger
footprint, requiring 2.1 times the area of the PWO configuration.

5. Neural Network Performance Under Variability

To investigate the consistency of the predictions, variability is introduced at the
hardware level and targets RRAM memory cells. As already mentioned in the introduction
and according to experimental results presented in Figure 4, RRAM variability is dependent
on its nominal conductance value. Assuming that resistance variations follow a statistical
distribution, typically modeled as normal [28], the standard deviation of the resistance
will serve as the key metric to characterize RRAM variability. Equation (4), extracted from
Table 2, presents the relationship between RRAM resistance standard deviation o and the
RRAM mean resistance value p. As resistance increases, the dispersion expands, following
a quadratic law [29].

o =0.00000824 % p2+ —0.0778270  p+ 663.72 @)

Based on Equation (4), variability is introduced at the crossbar array level as follows:
(i) the resistance of each cell in the crossbar array is randomly sampled from a normal
distribution with mean p (nominal RRAM cell resistance) and standard deviation o; (ii) the
crossbar array is then simulated to compute predictions; (iii) this process is repeated over
multiple trials to determine the percentage of trials in which the predictions deviate from
the correct predictions referred to as Cp. Finally, the robustness R of the prediction is
computed using Equation (5).

number of Cp 1

00 (5)
Total Trials

Note that variability is automatically generated and integrated into the crossbar array
using programming scripts within the Cadence environment. More specifically, variability
injection is based on an RRAM model calibrated on silicon, ensuring realistic and accurate
simulation results.

Figure 11a illustrates the robustness (R) of predictions for the three different scenarios
(PWO, PNWO, and PNWB) across 1000 inference trials. The PWO scenario achieves the
highest robustness (94.65%), followed by PNWO (93.11%) and PNWB (92.11%), indicating a
degradation in prediction performance versus variability when negative weights and biases
are used. Figure 11b—d highlight inference errors across the digits (0-9) for each scenario.
All scenarios exhibit significantly higher errors for digits ‘4" and ‘5’. The PNWB scenario
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shows the highest number of errors for digit ‘4’ (489 errors), indicating a pronounced
sensitivity to this digit under that scenario. The PWO scenario maintains relatively lower
error rates across all digits, demonstrating its superior robustness. The PNWO scenario,
while worse than PWO but better than PNWB, follows a similar error distribution.

(a) Robustness R of Prediction (Trials) (b) Inference Errors for PWO
= % 175
B
b 150
2 95
2 € s
S 3
o O 100
8 93 ’5
t E 75
v} w
g 92 50
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(c) Inference Errors for PNWO (d) Inference Errors for PNWB
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Figure 11. (a) Robustness R of predictions for the three different scenarios (PWO, PNWO, and PNWB).
Inference errors across all the digits (0-9) for scenario (b) PWO, (c) PNWO, and (d) PNWB.

6. Discussion

The proposed analysis focuses on evaluating the inference confidence, energy effi-
ciency, robustness, and variability of neural network models implemented in hardware for
different weight configuration flavors (PWO, PNWO, and PNWB) generated at the soft-
ware level. From an inference prediction standpoint, the MC,wg metric reveals a systematic
decrease in prediction confidence when moving from software to hardware implementa-
tions. The software approach outperforms the hardware-based approach, with the latter
exhibiting a decrease in MCpyg ranging from 6.04% to 9.35% across the different scenarios.
Hardware inference remains effective while showing a difference with the lowest prediction
confidence observed for PWO (17.50%). Interestingly, MCyyg is higher for PNWO (65.24%)
compared to PNWB (63.19%), suggesting that integrating software biases at the hardware
level does not enhance prediction accuracy. From an energy efficiency standpoint, the
current consumption increases significantly when transitioning from PWO (1261 pA) to
PNWO (2056 nA) and PNWB (2148 pnA), since the introduction of negative weights and
biases increases circuit area by at least a factor of 2 as well as circuit complexity due to the
need to handle multiple positive and negative signals. Energy consumption per inference
follows a similar trend, rising from 37.8 pJ (PWO) to 61.6 p] (PNWO) and 63.2 p] (PNWB).

Regarding the prediction robustness, we assessed the impact of RRAM variability
on classification performance. Remarkably, the prediction robustness decreases as we
move from PWO (94.65%) to PNWO (93.11%) and further to PNWB (92.11%). This trend
shows that weight complexity can lead to a higher number of RRAM cells at the hard-
ware level, which, in turn, increases variability-induced errors [30]. The PWO scenario
provides lower error rates, reinforcing its greater robustness against hardware-induced
variability. Latency was not deeply investigated. Indeed, while crossbar arrays enable
near-instantaneous current generation, delays are mainly related to peripheral circuits
including DACs and ADCs. These conversion stages, not addressed in this study, are
necessary to interface memristor-based MAC operations’ analog results with digital blocks.
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Additionally, DAC and ADC power consumption scales exponentially with their resolution,
leading to significant energy costs when higher conversion precision is required [31]. It
has also been demonstrated in [32] that the power-hungry nature of ADCs and DACs can
significantly offset the efficiency gains of crossbar-based acceleration [33], reinforcing the
need to optimize bit precision to balance accuracy, latency, and power efficiency.

Although prediction robustness was evaluated against variability, it is important to
note that additional factors can further degrade the performance of RRAM-based crossbar
arrays during inference. Owing to the specific manufacturing processes and switching
mechanisms, RRAM devices are vulnerable to distinct faults such as over-forming and
undefined state faults [34,35]. Consequently, it is crucial to establish a comprehensive fault
analysis methodology [36] for this memory class at the crossbar array level. Furthermore,
RRAM-based neural networks show promise for deployment in harsh spatial environ-
ments [37]. However, ensuring reliable operation in such conditions requires addressing
challenges like exposure to high levels of radiation, including ionizing particles [38,39].
Finally, from a system-level perspective, the results highlight a fundamental trade-off
between accuracy, energy efficiency, and hardware complexity in RRAM-based neural
network implementations.

The results indicate that future research should prioritize co-design strategies that
jointly optimize neural network architectures, quantization schemes [40], and hardware
constraints [2]. In particular, adaptive precision techniques [41], variability-aware train-
ing [42], and circuit-level compensation mechanisms [43] could play a key role in bridging
the gap between software performance and hardware efficiency. Such approaches are
essential to fully exploit the potential of RRAM-based accelerators for edge Al applications,
where constraints on power, latency, and reliability must be simultaneously satisfied [44].
Furthermore, the underlying switching mechanism of RRAM devices is a key factor influ-
encing the performance of crossbar-based neural networks. While this work focuses on
filamentary switching, alternative approaches relying on carrier trapping and detrapping at
defect sites have been extensively reported [45,46]. These electronic-based mechanisms are
generally associated with enhanced stability, lower variability, and improved endurance
compared to filamentary devices, which can lead to more reliable and accurate analog
in-memory computing. In parallel, novel material systems, including halide perovskite
memristors, are being explored to further improve device performance and scalability [47].
Therefore, both the switching mechanism and the choice of material constitute critical
design parameters [48] that directly impact the accuracy—energy-reliability trade-offs in
RRAM-based crossbar architectures [49,50].

7. Conclusions

RRAM crossbar arrays naturally perform VMM in parallel through the principles of
Ohm'’s Law and Kirchhoff’s Current Law, enabling highly efficient data processing. In
this context, this study evaluates the potential of employing RRAM devices as synapses
within crossbar arrays used as MAC accelerators for image processing tasks. Based on the
constraints applied to the neural network parameters at the software level, the presented
results highlight a clear trade-off at the hardware level between prediction confidence,
energy efficiency, robustness, and hardware complexity. While software implementations
achieve higher prediction confidence, hardware implementations are limited by the RRAM
conductance range and variability. Constraining weights and biases to non-negative values
(PWO scenario) simplifies hardware implementation and reduces energy consumption
but comes at the cost of reduced classification accuracy. However, in terms of robustness
against RRAM variability, the PWO scenario has demonstrated greater resilience. In
contrast, allowing both positive and negative values in the model parameters enhances
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accuracy but increases energy consumption, design complexity, and area requirements,
while lowering resilience to variability. These findings are essential for optimizing future
hardware-accelerated neural networks leveraging RRAM technology.
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