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Abstract— In-memory computing (IMC) has emerged as
a promising solution for artificial intelligence (AI) accel-
erators due to the reduced data movement and improved
parallelism in the crosspoint array. However, IMC faces
several limitations such as the device variations affecting
the computing accuracy, the area- and energy-consuming
peripheral circuitry, and the time-consuming high-voltage
program-verify operations of the nonvolatile memory
(NVM). In addition, the relatively large summation currents
cause IR drop within the array, leading to further loss of
accuracy. To overcome these issues, this work presents
1-bit quantized networks based on spin-orbit-torque mag-
netoresistive random access-memory (SOT-MRAM) with
high resistance–area (RA) product. We provide a detailed
statistical characterization of SOT-MRAM arrays and
develop quantization-aware training of various neural net-
works. Our results indicate that SOT-MRAM enables: 1) high
inference accuracy, thanks to excellent uniformity; 2) neg-
ligible input-dependent IR drop nonlinearity, thanks to high
resistance; and 3) high-speed, low-power reconfiguration,
thanks to fast device programming. These results support
high-RA SOT-MRAM for digital-like and reconfigurable IMC
accelerators of edge AI.

Index Terms— Artificial intelligence (AI), binary neu-
ral network (BNN), deep neural network (DNN), in-
memory computing (IMC), spin-orbit-torque magnetic
random access-memory (SOT-MRAM), ternary neural net-
work (TNN).
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I. INTRODUCTION

ARTIFICIAL intelligence (AI) is rapidly growing across
all sectors, including health, industry, information, and

society. Recent advances in large language models (LLMs)
are revolutionizing the AI landscape, although the computa-
tional cost of training and inference tasks raises a concern
about the energy sustainability of AI [1]. Two approaches
have been proposed to improve the energy efficiency of AI,
namely: 1) quantization of deep neural networks (DNNs)
and 2) in-memory computing (IMC). Quantized DNNs can
largely reduce model size and speed up inference while
maintaining high performance. Weight precisions of just one
or two bits have shown promising results [2], [3], [4],
[5], while low-precision activation enables circuit simpli-
fication and high-speed operation [6], [7], [8]. However,
even if recent studies have increasingly focused on this
topic, DNN quantization typically results in degraded accu-
racy due to lower precision of weights and activations
and more complex training [9], [10], [11], [12], [13],
[14].

IMC can process data within the memory via massively
parallelized matrix-vector multiplication (MVM), thus improv-
ing energy efficiency by orders of magnitude [15]. However,
the current summation during inference can lead to large IR
drop in the memory array impacting the computing accuracy
and limiting the maximum size of the computational array
[16]. To reduce IR drop, nonvolatile memories (NVMs) with
a relatively high resistance of the low-resistive states (LRSs)
should be developed. In addition, fast weight reconfiguration
has become an essential asset for transformer-based LLMs,
where matrix multiplication between activations is a key task
in selective attention mechanism [17]. Fast reconfiguration
requires high-speed reprogramming of the memory array,
thus ruling out time-intensive program-verify algorithms of
multilevel memory devices.

Here, we report an in-depth simulation-based analysis of
IMC-based AI accelerators based on spin-orbit torque (SOT)
magnetic random access memory (MRAM) displaying: 1)
high resistance–area (RA) product enabling low IR drop

© 2025 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License.
For more information, see https://creativecommons.org/licenses/by/4.0/

https://orcid.org/0009-0001-7368-6459
https://orcid.org/0000-0002-5418-7099
https://orcid.org/0000-0002-0083-5804
https://orcid.org/0000-0003-1122-6497
https://orcid.org/0000-0001-8698-1281
https://orcid.org/0000-0002-1853-1614


326 IEEE TRANSACTIONS ON ELECTRON DEVICES, VOL. 73, NO. 1, JANUARY 2026

Fig. 1. (a) SOT-MRAM cell TEM with its simplified schematic.
(b) Cell TEM cross section. (c) MTJ TEM cross section right above the
SOT heavy metal. Relatively thick MgO enables MΩ range resistance.
(d) Resistance as a function of the reading voltage. P state shows very
high linearity opposed to slight nonlinearity of the AP state. (e) Low C2C
variability is demonstrated up to 1013 write–read pulses.

conductance distortion during MVM; 2) low device-to-device
(D2D) variability enabling high accuracy in binary/ternary
neural network (TNN) accelerators; and 3) fast reconfiguration
(<5 ns) with negligible cycle-to-cycle (C2C) variability; and 4)
high endurance (≥ 1013 cycles) enabling the multiplication of
activation matrices in transformer-based LLMs. These results
highlight high-RA SOT-MRAM as an ideal memory technol-
ogy for quantized IMC, offering high-precision computation,
negligible hardware-induced performance drop, low energy
consumption, and fast reconfiguration for next-generation AI
accelerators.

II. DEVICE AND ARRAY CHARACTERIZATION

Fig. 1(a) shows a schematic illustration of the SOT-MRAM
device and the transmission electron microscopy (TEM) of
a memory cell. The device consists of a magnetic-tunnel-
junction (MTJ), serving as the read element, on top of a
heavy-metal write line, serving as the write element for the
electrical control of the MTJ parallel/antiparallel polarization
[18], [19]. The three-terminal structure allows for separating
the read and program paths; however, it raises the need for
three separate metal lines, namely, the read bitline (RBL), the
write bitline (WBL), and the source line (SL). The RBL and
the WBL are used in the read and write phases, respectively,
while the SL is accessed in both the phases. Fig. 1(b) shows a
close-up cross section of an SOT-MRAM device, evidencing
the MTJ region and the heavy-metal line. Fig. 1(c) shows
the TEM cross section of the MTJ where the pinned layer,
reference layer, and the MgO tunnel layer are clearly visible.
A detailed description of the process flow can be found in

Fig. 2. Array R-V minor loops demonstrating repeatable and sharp
switching at different voltage sweep times down to 5 ns. (b) Voltage
needed to achieve a 50% switching probability at a given pulsewidth.

Fig. 3. (a) Sketch of array biasing during vector–matrix multiplication.
For each SOT-MRAM only the read-access transistor is turned on. The
write-access transistors are off. (b) Die-to-die distributions arising from
64 different dies. Ultralow variability with σ/µ ≈ 5 % is obtained.

[18]. Fig. 1(d) shows the resistance R of the MTJ measured
across the RBL and the SL as a function of the readout voltage
Vread. The LRS corresponds to parallel magnetization in the
MTJ with an approximately constant resistance RP, indicating
ohmic behavior. On the other hand, the high-resistive state
(HRS) corresponds to antiparallel magnetization in the MTJ,
showing a decrease in resistance RAP with Vread. Fig. 1(e)
shows the measured RP and RAP as a function of the number
of cycles during repeated set/reset operation. Resistance values
are highly stable with negligible standard deviation σ of the
C2C variation, in the range of about 0.1%. Data also indicate a
high programming endurance above 1013, thus supporting the
ability to withstand write-intensive tasks, which are typical of
transformer models [17]. Note that all the measurements have
been performed at room temperature and ambient pressure.

Fig. 2(a) shows the measured R as a function of the
voltage applied between WBL and SL for decreasing write
times. The results demonstrates the possibility of low-voltage
programming even at relatively short time, in the range of 5
ns. Fig. 2(b) shows the switching voltage VSTH marking the
transition from LRS to HRS and vice versa as a function of the
applied pulsewidth. The switching voltage was defined as the
voltage causing a write-error rate (WER) of 50%. Increasing
the voltage allows for shorter programming times and/or lower
WER [18].

Fig. 3(a) shows a sketch of a memory array of SOT-
MRAM devices, highlighting the applied voltages during a
matrix–vector multiplication. The cell structure includes two
transistors, serving as selecting transistors for the read path
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Fig. 4. Neural network sketch and parameters. (a) CIFAR-10 dataset, comprising 60k RGB images belonging to ten different classes. (b) General
architecture typically used for image recognition tasks. All the networks can be obtained by adding or removing layers and connections between
them. (c) Capacity of each layer constituting wide VGG9 and weight precision. (d) Hyperparameters defining the networks used throughout this
work.

and the write path, respectively. The gate of the read-select
transistor is connected to the read word-line (RWL), while the
gate of the write-select transistor is connected to the write
word-line (WWL). The read currents of each device in the
same column are accumulated at the SLs, thanks to Kirchhoff’s
current law, while an input vector V is applied to the RBLs.
During MVM, the write transistors are all in the OFF-state
by keeping the WWL voltage below the threshold voltage.
Fig. 3(b) shows the cumulative distribution of the measured
MTJ resistance for 64 dies on the same wafer, indicating
a median tunneling magnetoresistance (TMR), defined as
(RAP − RP)/RP, of about 170%, with relatively low D2D
variation of about 5%, thus supporting the ability to execute
MVM with relatively high precision in the array.

III. NEURAL NETWORKS

Previous studies have explored methods to enhance weight
precision using multilevel cells (MLCs) based on innovative
SOT-MRAM structures [20]. However, given the binary distri-
bution in Fig. 3(b), our SOT-MRAM devices are most suitable
for implementing binary neural networks (BNNs) [5], [6] and
TNNs [4], [8]. For instance, TNN weights can be obtained
with a differential weight scheme where the individual current
is obtained as the subtraction of the currents at a positive
device with conductance G+ and a negative device with
conductance G−. The differential weight W = G+ − G− thus
allows for: 1) incorporation of both positive and negative
weights in hardware and 2) cancellation of the relatively large
OFF-state current of the HRS due to the relatively low TMR
in Fig. 3(b) [21]. Three weights + 1, 0, and −1, can thus be
obtained as 1) W+1 = GP −GAP, W0 = GAP −GAP = 0, and
W−1 = GAP −GP = −W+1, respectively.

Another major burden for IMC is the relatively large
overhead of area and power consumption mainly due to

peripheral circuits, such as the analog-to-digital converters
(ADCs), the analog programming circuits, and the digital
circuits for activation, max-pooling, and batch normalization.
To minimize the area and power overhead, we adopt binary
activation, where the ADC is replaced by a simple sense
amplifier or a comparator. The resulting neural network can
thus be viewed as a binary-activation/ternary-weight neural
network (BATWNN). Also note that digital circuits for batch
normalization can be largely simplified in the case of binary
activations [22], [23].

To investigate the IMC performance of SOT-MRAM, three
different DNN architectures were considered, namely: 1) a
fully connected (FC) network; 2) the convolutional network
LeNet5; and 3) the convolutional network VGG9. In addition,
two different datasets where considered, namely: 1) MNIST
and 2) CIFAR-10 which is a reference dataset for computer
vision.

Fig. 4(a) shows the general architecture that underlies all
the considered DNN models in our work, where the model
generally includes convolutional layers and FC layers. In the
convolutional layers, F represents the size of the filter, while
D1, D2, and D3 represent the number of channels for layers
1, 2, and 3, respectively. In the FC layers, generally serving as
the classification module, N1 and N2 represent the number of
neurons for each layer. Note that D critically impacts the net-
work dependence on quantization and nonideality [24], [25],
thus all the networks were studied for two values of D, where
the networks with the largest D are referred to as the wide
network. Fig. 4(b) shows a reference image for CIFAR-10,
including low-resolution images belonging to ten different
classes.

Fig. 4(c) shows the number of weights per layer for wide
VGG9, the largest among the networks considered in this
work, with a total of 41.6M parameters distributed among
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Fig. 5. D2D variability simulations. (a) Sketch showing how two different SOT-MRAMs are combined to obtain the differential cell. (b) Circuital
sketch of the binary activation. (c) D2D variability simulations results for the FC networks. (d) Same as (c) for LeNet5 (e) Simulations for VGG9. It
is possible to see how these binary–ternary networks reject extremely well the D2D variability and how the die-to-die variability of our process has
no impact on the attainable accuracy.

Fig. 6. (a) Simulated distribution for two 64 × 64 arrays considering high tails (f H
tail) and low tails (f L

tail) in addition to intrinsic Gaussian distribution.
(b), (c), and (d) Simulation results for different percentage values assuming f H

tail = f L
tail = ftail. Negligible impact on average network accuracy is

demonstrated in all cases of interest of our process [18].

seven convolutional layers and three FC layers. The figure
shows that although the first and last layers are generally
computed with floating-point 16-bit (FP16) precision in con-
ventional BNNs/TNNs, the overhead in terms of memory
area is negligible. Fig. 4(d) summarizes the hyperparameters
of the networks, their capacity, and their software baseline
accuracy obtained by training the network. State-of-the-art
(SOTA) accuracies for BNN/TNN are obtained. As a figure
of merit (FOM) for the hardware accuracy, we considered the
accuracy drop with respect to the software baseline, i.e., the
overall detrimental effect on the model performance induced
by the hardware nonideality. This FOM is most important
when investigating memory technologies for hardware neural
accelerators, as it describes the precision of a given memory
technology including variations and IR drop effects.

IV. INFERENCE SIMULATIONS AND RESULTS

Fig. 5(a) shows the circuit schematic of the ternary weight
implementation, consisting of two SOT-MRAM cells con-
nected in a differential pair. Fig. 5(b) shows the schematic for
the binary activation function, consisting of a simple sign(x)
function realized with a simple transimpedance amplifier and
comparator. This concept reduces design complexity and min-
imizes the area and power consumption of peripherals.

Fig. 5(c)–(e) shows the calculated accuracy for the FC,
LeNet5 and VGG9, as a function of the D2D variability of the
devices, for both the normal network and the wide version with
twice the number of channels. More than 1000 TensorFlow
simulation runs were performed to ensure a large statistical
significance. A Gaussian distributions was assumed for both

the conductance states GP and GAP, with relative variability
σ, leading to a ternary weight variability given by

σ±1 =

q�
σLRS ∗ µILRS

�2
+
�
σHRS ∗ µIHRS

�2 (1)

for ternary weights W+1 and W−1, and

σ0 =

q�
σHRS ∗ µIHRS

�2
+
�
σHRS ∗ µIHRS

�2 (2)

for the ternary weight W0. It is worth mentioning that the rel-
ative variability of SOT-MRAM devices, namely, σ/µ = 5%,
causes no drop of accuracy in any of the considered networks.
Note that wide networks are more robust to device variability,
thanks to the larger number of channels, which, however, leads
to a larger number of parameters, hence larger circuit area
and energy consumption. This accuracy–area–energy tradeoff

is critical in defining the performance of application-specific
edge AI accelerators based on IMC.

.A. Impact of Process Tails
To account for possible process nonidealities, we considered

statistical tails as shown in the calculated distributions in
Fig. 6(a) with probability f H

tail and f L
tail for the high and low

tails, respectively. Fig. 6(b)–(d) shows the accuracy for FC,
LeNet5, and VGG9, respectively, as a function of the tail
probability, assuming f H

tail = f L
tail = ftail. Tail currents ranging

from 0 to 250 nA, more than three times the nominal current
of the P state, have been included. These relatively higher
conductances carry enough current to completely dominate
the output of a 3 × 3 convolution filter and substantially
impact the results of 5 × 5 filters. We did not include the
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Fig. 7. Hardware accelerator open-loop programming considering
different WER percentages. Inference accuracy is not affected for WER
as high as 2%. Width and model overfitting affect network response at
high WER (≥ 5%) percentages.

case of short-circuited MTJs which may occur due to etch
residues bridging the MTJs electrodes [26]; however, in an
industry-level grade process, such defects appear only at
the parts-per-million level and would be excluded through
appropriate mapping and redundancy strategies [27], [28]. The
simulation results indicate a good robustness against tails due
to process-induced defects with negligible impact on accuracy
for f < 2%.

.B. Impact of Programming Errors

To assess how stochastic programming in SOT-MRAM
switching affects hardware reliability, we performed Tensor-
Flow simulations of inference accuracy as a function of the
WER. The model accounts for all possible weight pertur-
bations arising from both first-order and second-order bit
flips. A first-order flip occurs when only one device within
a differential cell experiences a write error, whereas a second-
order flip occurs when both the devices in the differential pair
are written incorrectly.

Fig. 7 shows the simulated accuracy for LeNet5 and VGG9.
The simulation results show that a WER smaller than 2% is
perfectly rejected. By increasing the WER above 5-10%, the
accuracy sharply decreases for both the models. These results
highlight the potential for quickly reconfigurable accelerators
using fast and low-energy program schemes, without a time-
consuming closed-loop program-verify methodology. Similar
results were obtained for the FC network (not shown).

.C. Impact of the IR Drop

To quantify the impact of IR drop, we developed an ana-
lytical Python model consistent with the formulations in [29]
and [30]. Before each inference experiment, we introduced our
5% D2D conductance variations, mapped the resulting weights
onto differential arrays, and then computed the IR-drop
induced degradation of the effective conductances. Classifi-
cation was performed in TensorFlow using these degraded
weights. This entire procedure was repeated 1000 times to
fully capture the statistical impact of D2D variability, which
however turned out to be of negligible importance to assess
the IR-drop effect. Fig. 8 shows the calculated accuracy drop

Fig. 8. Simulated IR-induced degradation of accuracy as a function of
tile size rpar and device conductance. (a) High RA with GP = 660 nS.
(b) Medium RA with GP = 6.6 µS. (c) Low RA with GP = 66 µS. A TMR =
170% was assumed in all cases.

as a function of the tile size and the parasitic resistance rpar
between two neighbor cells along the SL for wide LeNet.
Three different RA products are considered, namely, high RA
Fig. 8(a), medium RA Fig. 8(b), and low RA Fig. 8(c). Thanks
to the high resistance in the MΩ range, high accuracy can be
achieved in relatively large arrays with relatively high parasitic
resistance of 10 Ω. On the other hand, medium and low-RA
arrays are more heavily affected by IR drop, due to the higher
summation current along the SL.

V. MEMORY BENCHMARKING

We now compare the performance achieved in the stud-
ied architectures among various NVM technologies such as
resistive-random access-memory (RRAM) [31], phase-change-
memory (PCM) [32] 3-D cross-point (3DXP) devices [33], and
spin-transfer-torque (STT) MRAM [34].

Fig. 9 shows the average drop of accuracy with respect
to software baseline due to the hardware implementation
according to reported measured D2D and C2C variations.
Our SOT-MRAM device features the smallest accuracy drop
among the considered NVM technologies.

In some cases, the accuracy drop is negative for the SOT-
MRAM devices, namely, the hardware implementation shows
a higher accuracy compared with the software baseline. This
could be due to a better approximation of the continuous
minima in the optimization space, which parameters are
bound to be quantized by software when optimizing with
{−1, 0, 1}Nweights as hyperparameter search space.

We then compare the performance of the SOTMRAM
technology with other NVMs in the context of IMC. Fig. 10
shows the average cell current σI and its standard devia-
tion σI . SOT-MRAM devices display: 1) a relatively low
read current which allows to minimize IR-drop effects and
thus to increase the array tile size; 2) extremely low D2D



330 IEEE TRANSACTIONS ON ELECTRON DEVICES, VOL. 73, NO. 1, JANUARY 2026

Fig. 9. Additional test error (∆) due to hardware implementation assum-
ing the σD2D reported below each device name. Results coming from
Fig. 5(c). This work shows the lowest ∆ in all cases even considering
the die-to-die distributions. Smaller ∆ should be obtained by moving to
intradie data.

Fig. 10. Standard deviation as a function of average current for high RA
SOT-MRAM and other emerging NVMs. Our devices achieve superior
variability with respect to technologies reported in literature.

variations, namely, about 5% compared with about 15% dis-
played by other NVM technologies; and 3) a relatively low
ON/OFF-ratio of SOT-MRAM which, however, can be compen-
sated by the differential weight scheme. The small variation
in SOT-MRAM devices enables high accuracy in IMC-based
AI accelerators. Fig. 11 summarizes the main performance
of NVM technologies, compared with SOT-MRAM. While
area performance is the worst among other technologies, in
our opinion this is not so important for computing appli-
cations where typically readout electronics and scratchpad
memory (SPM) dominate the area requirements. On the other
hand, high-RA SOT-MRAM displays unique properties for
quantized IMC such as: 1) extremely fast and low-energy
hardware reconfiguration with no verify, thanks to negligible
C2C variation and network WER resilience; 2) high endurance
for write-intensive tasks such as attention layers; 3) high

Fig. 11. In depth eNVMs comparison. SOT-MRAM has the lower hand
on information density, especially with respect to vertical technologies,
n being the number of layers stacked. On the other hand, our devices
show more important features for computing, like the lowest current,
lowest variability, write time, and write/read energy. Moreover MΩ resis-
tances allow to completely neglect IR-drop for arrays up to 256×256 for
both the training and inference phases.

Fig. 12. Comparison between different SOT-MRAM basic cells. Even
when compared with multipillar or multistack approaches that can par-
tially compensate the low bit-density of SOT-MRAM, our cell shows the
best properties for computing applications.

resistance, hence low read-energy and negligible IR drop; and
finally 4) low D2D variations for precise software emulation.

The lack of multilevel operation and high HRS leakage
are fully mitigated by the ternary weight approach by the
differential weight mapping. These characteristics position
high-RA SOT-MRAM as the optimal eNVM device for hard-
ware accelerators in quantized architectures.

Finally, Fig. 12 shows comparison of our SOT-MRAM
basic cell with other SOT implementations, two of which
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developed to address the absence of multilevel operation [20],
[35], [36]. Although multipillar and multistack designs boost
the effective bits per cell, their increased process complexity,
larger area requirements, susceptibility to variations along
with lower TMR, and more intricate write mechanisms render
these approaches impractical for reconfigurable applications
and precise computing. In the end, our SOT-MRAM technol-
ogy emerges as the ideal candidate for IMC accelerators of
quantized DNNs and LLMs.

VI. CONCLUSION

This work provides an in-depth study of in-memory
BATWNN for image recognition based on SOT-MRAM with
high RA product. Variation-aware simulations show that SOT-
MRAM is the best candidate for hardware accelerators in
terms of software fidelity. The low WER of SOT-MRAM at
programming times below 10 ns, combined with the high WER
rejection of these networks, enables the fast reconfiguration of
relatively large models with relatively low energy consump-
tion. In addition, the relatively high resistance of high-RA
MTJs enables negligible IR drop at a relatively large array size.
These results support the high-RA SOT-MRAM technology
for highly accurate, reconfigurable, and energy-efficient IMC
hardware accelerators of edge AI.
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