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Abstract—In-memory computing (IMC) has been identi-
fied as a promising paradigm for hardware neural network
accelerators thanks to the reduced data movement and
improved parallelism. A known issue of IMC is the rela-
tively large summation current within the memory array,
which causes energy inefficiency and computing inaccu-
racy due to IR drop. An additional burden is the area
and energy-demanding readout circuits, which limit the
density and energy efficiency of computing. This work
reports a hardware demonstration of IMC using 3-D cross-
point (3DXP) arrays of ovonic threshold switches and
phase change memories (PCMs). We demonstrate a precise
program—verify (PV) algorithm optimized for the subthresh-
old regime, allowing for a reduction of the operating
currents by more than two orders of magnitude with respect
to the conventional 3DXP technology. We experimentally
demonstrate vector—vector multiplication (VVM) and fea-
ture extractions, which are key operations of convolutional
neural networks (CNNs). Simulation study of LeNet5 with
binary and ternary quantization, including device variabil-
ity, 1/f noise, and drift, demonstrates high accuracy and
low-energy inference thanks to precise programming, sub-
threshold operation, and careful drift compensation.

Index Terms—3-D crosspoint (3DXP), binary neural
networks (BNNs), convolutional neural network (CNN), in-
memory computing (IMC), ovonic threshold switch (OTS),
phase change memory (PCM), ternary neural network
(TNN).

|. INTRODUCTION
A RTIFICIAL intelligence (AI) experienced a rapid
growth, booming in all sectors, including industry,
finance, health, and society. Recent advances in large language
models (LLMs) and agentic Al [1], [2] are revolutionizing the
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Al landscape, although the rapid increase of the computational
complexity of inference and training raises key concerns about
the energy sustainability of Al [3]. The energy efficiency of Al
systems can be significantly improved by in-memory comput-
ing (IMC). The latter enables in situ data processing through
massively parallel matrix-vector multiplications (MVMs) [4].
Nonvolatile memories (NVMs) such as phase change memory
(PCM) and resistive switching memory (RRAM) are currently
leading technologies for high-precision IMC thanks to their
high integration density, multilevel cell operation, and back-
end-of-line (BEOL) integration [5]. However, a fundamental
issue of these two NVMs is the relatively large read current
that causes energy inefficiency and accuracy loss due to IR
drop [6]. Recently, the 3-D crosspoint (3DXP) technology has
been proposed for IMC, benefiting from a high density thanks
to the one-selector/one-resistor (1S1R) structure [7], [8] and
the low current in the subthreshold regime [9], [10], [11], [12].
However, high accuracy and robustness against variation, off-
state leakage, noise, and drift still need to be systematically
understood and demonstrated to fully support 3DXP-based
IMC systems for Al accelerators.

This work reports an experimental demonstration of binary
and ternary convolutional neural networks (CNNs) with 3DXP
arrays. We demonstrate high-precision tuning of binary states
in the subthreshold regime thanks to the program—verify (PV)
algorithm. A differential weight scheme allows to compensate
for the nonnegligible read current of the high-resistive state
(HRS) and to map positive and negative weights [13], [14],
[15], [16]. Feature extraction is experimentally carried out
in 4 x 4 3DXP arrays, while a full CNN is demonstrated
by noise, drift, and variation-aware simulations of a LeNet5
model for MNIST recognition. High classification accuracies
are obtained by quantization-aware training for both weights
and activations. Our results indicate that the 3DXP technology
allows to reduce the summation current during MVM by more
than two orders of magnitude, thus paving the way for energy-
and area-efficient Al hardware accelerators.

Il. 3DXP DEVICE CHARACTERIZATION

Fig. 1(a) shows a sketch of a 4 x 4 mini-array of 3DXP
memory cells [7], [12]. The 1S1R structure consists of an
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Fig. 1. 3DXP arrays and characteristics. (a) Sketch of a 4 x 4 mini-array
containing test devices externally available from larger 512 x 512 arrays.
(b) Subthreshold characteristic (V) of a device. A memory window
larger than 10 at the selected V,q4q is visible. Green area highlights the
interval of possible reading voltages.

ovonic threshold switching (OTS) selector device and a PCM
resistive device for storing a binary state. Thanks to its highly
nonlinear characteristic, the OTS selector allows the selection
of the memory devices for programming and reading opera-
tions. For instance, programming of individual cells is enabled
by the so-called V/2 biasing scheme [17], where voltages +V/2
and —V/2 are applied to the row and column, respectively, of
the device to be programmed, while all other rows/columns
are left grounded. 3DXP devices were programmed by the
application of pulses with voltage higher than the threshold
voltage V, to enable a set operation, namely, a transition
from high-resistance state (HRS) to low-resistance state (LRS),
or a reset operation, namely, a transition from LRS to HRS.
The reset operation consists of the amorphization of the active
material within the PCM, while the set operation must favor
the crystallization of the active material. The row-selection
transistor was properly biased during set and reset operation to
limit the current to a compliance level suitable for the desired
transition.

Fig. 1(b) shows the measured current-voltage (/I-V) char-
acteristics for the LRS and HRS of a selected 3DXP element.
The characteristics were measured in the subthreshold regime,
namely, for voltages below Vry, thus resulting in extremely
low currents in the range below 1 upA. As a result, read
currents Iigs ~ 100nA and Iygs = 10nA were obtained
for LRS and HRS, respectively, at a convenient read voltage
Vieads With a memory window given by Iirs/lurs 10.
Larger memory windows can be obtained at higher currents
by increasing Vi.,q. However, higher read currents also impact
energy consumption, IR drop, and the probability of read
disturbs potentially induced by threshold switching [5].

~

I1l. PV TECHNIQUE

To provide a comprehensive statistical characterization of
the memory behavior, Fig. 2(a) presents the cumulative dis-
tributions of the read currents for LRS and HRS of 16
devices over 100 set/reset cycles. Each data point was obtained
as the average of 100 read operations to mitigate read-to-
read (R2R) variations while preserving the device-to-device
(D2D) and cycle-to-cycle (C2C) variations. Data indicate D2D
standard deviations opyp = 1.7 and 74 nA for HRS and LRS,
respectively. In particular, the D2D variation for LRS is about
75% of the average read current, which cannot satisfy the
accuracy requirements for IMC. Fig. 2(b) shows the C2C
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Fig. 2. Read current distributions and their variations. (a) C2C distribu-
tions for 16 devices programmed multiple times in both LRS and HRS.
(b) C2C standard deviation ococ as a function of the median value of
the read current.

@) Vi2 v Vi ViR
A\ #) e

Read @Vggap

No | Choose:
tpu\sey

V, &V,

Is the value in the
desired range?
ltarcer % lro

VTh [a.u.]

O] "“~RESET

12345678
Read Number [#]

Fig. 3.  Program verify explained (a) Flowchart of the write verify.
(b) Half-bias scheme applied to an array, avoiding switching of uns-
elected cells during write phase and reducing leakage in the verify
phase. Programming current is tuned with the row-selection transistor.
(c) Evolution of the current and threshold voltage of a device during the
PV.

standard deviation ocyc as a function of the median read
current for devices in Fig. 2(a), indicating a relative ocyc of
about 10% and 20% for HRS and LRS, respectively, which is
in line with other NVM technologies [18].

To mitigate the D2D and C2C variations, a program/verify
(PV) algorithm was developed, as illustrated in the flowchart
of Fig. 3(a). In the PV algorithm, each set/reset operation is
followed by a read phase to verify that the cell current is
within a target window with tolerance Al = 10 nA. Fig. 3(b)
shows the adopted V/2 scheme for cell programming, where
a voltage V/2 is applied to all rows/columns, except for a
voltage V,, applied to the selected column with the selected
row tied to ground. For proper control of the HRS/LRS
state, a gate voltage V. is applied to the gate of the row-
select transistor. Fig. 3(c) shows the measured read current
and threshold voltage during a PV algorithm for a device.
Applying consecutive set pulses gradually increases the read
current. If the current increases above the target value, a reset
pulse is applied. Depending on the difference with respect to
the target, we select V,,t,, and more importantly V.. After
eight iterations, the device converges to the desired current;
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Fig. 4. PV impact on LRS. (a) C2C distributions of a device in the LRS
with and without PV algorithm. (b) Read cycle distributions using read
pulses of 80 us. All devices of the 4 x 4 array have been programmed in
the LRS, evidencing the strong reduction of o-pop and the leftover o-gopg.
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Fig. 5. 3DXP noise and variations. (a) Normalized PSD for both

states. A dominant 1/f noise and higher intensity for the LRS are shown.
(b) Summary of C2C, D2D, and R2R variations for the LRS, indicating
the benefit of PV for C2C and D2D variations.

however, due to oror, the current read in the last iteration is
not sufficient to confirm convergence. Therefore, to strengthen
the PV precision, the device is measured with a sequence
of ten read operations. PV success is achieved only if the
resulting average read current falls within the desired range
(yellow circle); otherwise, more iterations are applied until
convergence.

Fig. 4(a) shows the C2C distributions for a single device
in LRS with and without PV, indicating a suppression of
variation to a residual ococ = 8 nA after PV. Fig. 4(b) shows
the current distributions for LRS after PV obtained from 100
consecutive read operations applied to each device in the array.
Each read cycle has been implemented by a rectangular pulse
of height V.,q and a time-width of 80 us. The D2D variation
is strongly reduced to opyp ~ 6.4 nA, while the overall
variation is dominated by oror = 14 nA, corresponding to
a relative noise oror/ILrs = 15%, which can be attributed
to read noise. To investigate the origin of the read noise,
Fig. 5(a) shows the normalized power spectral density (PSD)
of the read current, namely, S /1%, for both LRS and HRS.
Data indicate a dominant 1/f noise which can be attributed
to defect relaxation in the amorphous phase of the active
regions of OTS and PCM elements after set/reset [19], [20],
[21]. Read noise might be mitigated by material or algorithm
optimization. Fig. 5(b) summarizes the various sources of read
current variation, highlighting the ability to minimize C2C and
D2D variations via precise PV.

IV. VECTOR—VECTOR MULTIPLICATION

To demonstrate IMC using 3DXP, we conducted exper-
iments implementing vector—vector multiplication (VVM)
operations on individual columns and rows of the 4 x 4
arrays, as illustrated in Fig. 6(a). First, the selected devices
were programmed to the target conductance states by the PV
algorithm of Fig. 3(a). Then, a binary voltage vector V;, with
j = 1,2, 3, and 4, was applied simultaneously to the top
electrodes of the devices. Every single element of the voltage
vector can have two possible values, namely, V; = 0 V or Vieqq.
Finally, we measured the summation current at the grounded
common bottom electrode, given by

=Y v (1)
J

where v; is the normalized voltage being either 0 or 1 for
Vi =0 or Vj = Vieaq, respectively [4].

Fig. 6(b) shows the measured /-V curves for a 3DXP
4 x 1 vector, obtained by applying the same voltage Vie.q
to all TEs, while the summation BE current was collected
for various combinations of the programmed states, indicated
by G = 0 and G = 1 for HRS and LRS, respectively. The
current was averaged among ten different read operations, each
spaced by a time period Tj,, = 30 s. Note the nonnegligible
off-state current when all the four devices are in the HRS,
which is due to the leakage current of the PCM in the
HRS, corresponding to the amorphous phase. Fig. 6(c) shows
the measured BE current as a function of the combination
of the input voltages v; at increasing Ve, for programmed
states in the 4 x 1 vector being either HRS, i.e., G = (0
0 00), or LRS, ie., G = (1 1 1 1). As the read voltage
Viead increases, the summation current increases the energy
consumption associated with analog computation within the
array. On the other hand, a larger V,.,q can enhance the sensing
margin between different VVM products, which is beneficial
to the accuracy of computation.

To better support the accuracy of the VVM operation,
Fig. 6(d) shows the correlation plot of the measured sum-
mation current as a function of the ideal current based on
(1), spanning all combinations of input v; and programmed
states /;. It is worth mentioning that, even if only five results
are mathematically possible according to (1), the contribution
of the HRS current is nonnegligible, thus obtaining slightly
different BE current values for the same ideal results.

To compensate for the nonzero HRS read current, differ-
ential VVM experiments were carried out. The concept is
schematically illustrated in Fig. 7(a), where two array columns
of devices are used to map a VVM operation given by

1= vty = v (17 - 17) ®)
j J

where I;.“ and [} are the positive and negative currents to map
a certain positive or negative coefficient in the memory array,
respectively. Thanks to the differential scheme in the figure, a
zero current is obtained by mapping two HRS cells within a
differential pair since I; = Iyrs — Iurs = 0. Fig. 7(b) shows the
correlation plot of the measured summation current in the dif-
ferential scheme as a function of the ideal value, demonstrating
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Fig. 6. VVM. (a) Schematic of the parallel VVM obtained by accessing with a proper input voltage the top electrodes of a column of devices. (b) -V
curves collected with all the elements of the input voltage vector set at V¢3¢ While changing the programmed weights of the conductance vector G.
(c) Median VVM obtained by randomly changing the input vector and the V\eaq value. The linearity is preserved at every V,eqq. (d) Correlation plot
of the measured / as a function of the ideal / while varying both the input voltage and the weight vector.
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Fig. 7. Differential VVM. (a) Schematic of the parallel VVM using one
column for positive weights and one column for negative weights, i.e.,
I+ and I_. (b) Correlation plot of the measured / = [, — I while varying
both V and G. With respect to Fig. 6(d), we correctly have only five
possible results, as it should be in the ideal case.

that only five possible outcomes are now obtained, thanks to
compensation of the HRS leakage. The excellent results in
Figs. 6(d) and 7(b) support the accuracy of the binary VVM
operations thanks to the precise PV algorithm and differential
mapping of computational coefficients in the array.

V. FEATURE EXTRACTION

To realistically support 3DXP for IMC, we considered a
CNN for image classification [18], [22]. In a convolutional
layer, features are extracted by dividing the input activation
into multiple slices as big as the size of the network filter.
Then, the VVM between each filter and these portions of the
input activation is carried out. Finally, the sum of all these
contributions is submitted as the input of a nonlinear activation
function to obtain the output activation. Feature extraction
was experimentally validated by convolution of a 3 x 3 filter
programmed in our 3DXP array and a portion of a 15 x 15
input image as shown in Fig. 8(a). The differential scheme
of Fig. 7(a) was adopted to suppress the nonzero current of
the HRS. Fig. 8(a) shows the input image submitted to the
binarized filters, where the positive weight §; = I;‘ - I; at
the jth element of the filter is obtained by Ij+ = Iirs and

I; = Iurs in (2), while a negative weight is obtained by

17“ = Iyrs and IIT = Iirs. As a result, differential filters with
complementary states were programmed, yielding a binary
weight 6; = (I rs — Iurs) ® £90 nA in our experimental
setup. To collect the current in (2), a 3 x 3 portion of the
3DXP was used with shortened BE lines. In addition to
binary weights, ternary weights can also be mapped in the
differential filter by adopting for the intermediate level either
5‘]‘ = IHRS - IHRS ~ 0 nA or 5‘]‘ = ILRS - ILRS ~ 0 nA.

Fig. 8(b) shows the combinations of differential weights
0;, where the third configuration 6; = =+(Iigrs — lirs) is
discarded to minimize variations and power consumption.
Fig. 8(c) shows the experimentally extracted feature map
for the MNIST image with a 3 x 3 diagonal filter. The
experimental results show good agreement with simulations,
thus confirming the accuracy of binary feature extraction
using 3DXP arrays. Fig. 8(d) shows the correlations of the
measured Igg as a function of the ideal ones of (2). Data
are obtained from several experiments, i.e., convolutions,
with variable input image and filters, including anti-diagonal
(d), diagonal (e), horizontal (f), and vertical filters (g). The
good correlation between experimental and theoretical fea-
tures supports the accuracy of feature extraction enabled by
the combination of precise PV algorithm and accurate IMC
circuit.

VI. CNN DEMONSTRATION

To demonstrate that IMC within a 3DXP technology can
complete a relatively large computational task, we studied
the accuracy of a LeNet5 model trained offline and mapped
into a set of 3DXP arrays [22], [23]. Both binary and ternary
LeNet5 were trained with TensorFlow assuming ideal 3DXP
devices. MATLAB has been adopted for the inference to
properly account for all nonidealities. D2D variations were
added according to the measured distribution after mitigation
by the PV algorithm. R2R fluctuations due to 1/f noise and
time-dependent drift were also included in the simulations.

A. Impact of IR-Drop

IMC with crossbar arrays suffers from accuracy degradation
caused by the metal-line resistance across both the bitline
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Fig. 8. Feature extraction. (a) Sketch of the convolutional layer, where a given filter is multiplied to a portion of the input image. Feature extraction
was experimentally carried out by VVM in the 3DXP array for each position in the image and various filters, mapped with a differential approach to
compensate for Iyrs. (b) Summary of the possible /1 — /- in the differential weights yielding the binary and ternary weights. (c) Experimental and
simulated feature extraction. (d)—(g) Correlation plots of the experimentally extracted features for various filters and MNIST images.

and the wordline. Because of the IR drop, when voltages are
applied to several lines at the same time, the voltage across
each memory cell is lower than expected; thus, the individual
cell current is lower compared to that obtained by individual
readout. The IR drop effect depends on the array size, the
parasitic line resistance, and the programmed conductance
levels. Several models have been proposed to quantify this
effect [6], [24], and various compensation strategies have been
explored to mitigate it, including optimal weight mapping
techniques [25], design technology co-optimization (DTCO)
[24], and local current cancellation schemes [26]. To assess
possible IR drop effects in our networks, we carried out
simulations of our crossbar arrays at increasing size from
32 x 32 to 512 x 512 and we found that the resulting accuracy
degradation is always below 0.1% for a line resistance 7py <
20Q. This is thanks to the low current in the subthreshold
regime of our devices, which thus strongly reduces the design
complexity required for IR-drop compensation.

B. Impact of Variations

Fig. 9(a) shows the computed accuracy of the network in the
case of ideal, i.e., zero variation, and nonideal as a function
of the standard deviation ogor of R2R noise, normalized by
the LRS current I; gs. A constant opyp = 6.4 nA was assumed
according to data in Fig. 4(b). The calculated accuracy in the
figure decreases from the ideal value at increasing relative
variations, with the ternary neural network (TNN) showing
generally higher accuracy due to the higher number of levels
per weights and the higher use of HRS cells benefiting from
a lower R2R variation. For the measured oror/lirs = 15%
in our samples, the accuracy is around 93.5% for the TNN
and around 91.5% for the binary neural network (BNN),
indicating a minor drop with respect to the ideal accuracy.
Simulations were also carried out for R2R variation exceeding
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Fig. 9. Inference simulation results. (a) Accuracy against o-gog. Ternary
CNN has higher accuracy and lower spread thanks to: 1) lower content
of I .rs, which suffers from a higher 1/f noise, and 2) zero activation
value. (b) Confusion matrix at cror = 15% for TNN.

the experimental data in Fig. 3(b) to account for a possible
increase of oror at decreased device size [27]. Fig. 5(b) shows
the confusion matrix for the TNN assuming the experimental
oror/ILrs = 15%, highlighting the good accuracy of the
neural network.

C. Impact of Drift

Both PCM and OTS devices are affected by drift, that is,
a time-dependent decrease of conductance due to structural
relaxation of defects in the amorphous structure of the active
material [28], [29]. Fig. 10(a) shows the measured current
for various devices programmed in either LRS or HRS. Data
indicate a power-law decay according to I ~ t’, where the
drift exponent v is about 0.08 for the HRS and about 0.04
for the LRS. The smaller v for LRS can be explained by
the crystalline state of the PCM showing negligible drift,
compared to the amorphous state. To assess the impact of
drift on IMC, Fig. 10(b) shows the accuracy of the networks
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Fig. 12. Energy consumption estimation. The same reading time of

50 ns has been considered for all devices. Our V,¢5¢ has been adapted
from [34]. It is possible to see how our device provides almost best
energy consumption per read cycle while providing the lowest area
occupation.

as a function of time after programming with oror = 15 %.
The accuracy significantly drops at increasing time, due to the
weights decreasing significantly from the trained values. This
performance drop can be mitigated by rescaling the output
summation current acting on normalization layers without any
weight reprogramming. The figure also shows the accuracy
with the modified batch normalization, indicating maintained
accuracy even after a long time.

VIl. MEMORY BENCHMARKING

To assess the low current operation of 3DXP in comparison
to other NVM devices, Fig. 11(a) shows the correlation plot

of read current variation o; as a function of the average
read current Il.,q for various NVM technologies, including
spin-transfer-torque magnetic-random access-memory (STT-
MRAM), spin-orbit-torque magnetic-random access-memory
(SOT-MRAM), resistive random access-memory (RRAM),
ferroelectric field-effect-transistor (FeFET), and transistor
selected PCM [16], [30], [31], [32], [33]. Low read currents
are beneficial to IMC as they result in a relatively high
energy efficiency and in a relatively low IR drop, hence a low
distortion of the MVM [5]. On the other hand, low variations
are essential to ensure accurate MVM and inference operation,
as shown in Fig. 9(a). According to data in Fig. 11(a), 3DXP
and most of the other NVMs show a relative variation of about
15% of the mean current. Fig. 11(b) compares the number of
bits and the endurance of the aforementioned devices. NVM
such as PCM and RRAM can store more than 1 bit of informa-
tion; however, this is not strictly required for BNN and TNN.
Finally, Fig. 12 compares the energy consumption arising from
a single-device single-read operation for all the devices in
Fig. 11(b). As a representative Vi,q, we used a suitable value
[34], while the read time was assumed equal to f.e,g = S0ns.
These results indicate that our 3DXP devices provide one of
the lowest energy consumptions while achieving the highest
area efficiency among all of the proposed emerging memories.
Overall, 3DXP technology shows better performance in terms
of low currents, thanks to the subthreshold operation, and high
density, thanks to the 1SIR structure and the 3D stacking
architecture. These results support the 3DXP technology for
energy-efficient, high-accuracy IMC.

VIII. CONCLUSION

This work demonstrates IMC with 3DXP arrays operated
in the subthreshold regime. Convolution is experimentally
demonstrated by VMM with 3 x 3 subarrays, while full CNN
with binary and ternary weights is studied via simulations.
3DXP appears as a good candidate for IMC, thanks to its
precise subthreshold programming of 3DXP, the low operating
current, and the high integration density.
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