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Abstract— Resistive random access memory (RRAM)
devices offer a broad range of attractive properties for
in-memory computing (IMC) applications, such as non-
volatile storage, low read current, and high scalability.
IMC allows to overcome the memory bottleneck of data-
intensive workloads, such as deep learning on the edge.
In this context, 3-D vertical RRAM (3D-VRRAM) is a promis-
ing option to achieve high memory cell capacity with low
fabrication cost. In this work, we present an HfOx-based
3D-VRRAM crossbar array (CBA) capable of IMC with
precise multilevel programming. We show an extensive
experimental demonstration of both matrix–vector multipli-
cation (MVM) and inverse/pseudoinverse matrix calculation
via IMC on 3D-VRRAM. To further support the parallel IMC
application in real-life scenarios, the work also reports a
demonstration of relatively large-size problems adopting
2D-RRAM and SRAM-based memory arrays. These results
support 3D-VRRAM for high-density, energy-efficient IMC
for edge computing applications.

Index Terms— Edge computing, embedded memory,
in-memory computing (IMC), monolithic 3-D integration,
resistive random access memory (RRAM), scaling.

I. INTRODUCTION

IN THE modern era of massive digitalization and artificial
intelligence (AI), the volume of data that needs to be
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computed and stored increases exponentially. As a result,
the energy consumption for information and communica-
tion technology is constantly increasing and is predicted to
reach 20% of the global energy consumption by 2030 [1].
In-memory computing (IMC) [2] is a promising candidate
to improve the energy efficiency of computing, as it largely
suppresses the data movement at the origin of the memory
bottleneck [3]. In the IMC concept, heavy computational tasks,
such as matrix–vector multiplication (MVM), are executed
within cross-bar arrays (CBAs) of memory devices, thus
largely improving the parallelism and energy efficiency for
edge-computing of neural networks and other data-intensive
tasks. Resistive random access memory (RRAM) is one of the
most promising devices for IMC implementations, thanks to a
portfolio of attracting properties, such as nonvolatile storage,
multilevel cell (MLC) operation, high endurance, high density,
and low power operation. Recently, 3-D vertical RRAM (3D-
VRRAM) devices [4], [5], [6], [7], [8] were proposed to
enable 3-D monolithic integration for high memory density.
The vertical CBA (vCBA) geometry allows for lower cost-
per-bit compared to 3-D stacked horizontal CBAs (hCBA) [9],
since only one critical mask is involved in the fabrication
process flow, similar to bit-cost scalable 3-D NAND flash
memories [10]. Despite previous demonstrations of multilevel
cells and binary array IMC in 3D-VRRAM arrays [11], [12],
[13], a full demonstration of array-level IMC with precise
multilevel programmed 3D-VRRAM has not been reported
yet.

This work demonstrates 3D-VRRAM devices with vertical
HfOx switching layer deposited by sputtering. Both open-loop
MVM and closed-loop matrix inverse/pseudoinverse calcula-
tions are executed in 3D-VRRAM arrays programmed with
precise MLC operation. To support the potential of IMC on
large-scale applications, we show extensive experiments on
2D-RRAM [14] and SRAM circuit [15], with MLC accuracy
comparable to 3D-VRRAM. Discrete cosine transform (DCT)
is demonstrated on a 12 × 12 RRAM hCBA, while a relatively
large linear system is solved within the SRAM-based IMC
chip. These results demonstrate the strong capabilities of
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Fig. 1. (a) Multitile IMC concept. Multiple cross-bar arrays are operated
in parallel in a multicore analog computing system. (b) Sketch of the
possible tile composition: single hCBA and peripherals, single vCBA and
peripherals, and multi-vCBA with multiplexed peripheral circuits.

3D-VRRAM technology for high-density, energy-efficient
IMC, for edge AI applications.

This work, which is an extended version of a previous
conference report [16], is structured as follows. First, the fab-
rication process and the characteristics of the 3D-VRRAM are
illustrated in Sections II and III, respectively. Then, Section IV
presents the IMC experimental results on 3 × 3 vCBAs.
Sections V and VI provide an experimental image compres-
sion application on RRAM hCBA, and a block-inversion
algorithm for multiple linear regression on SRAM hCBA,
respectively. Finally, Section VII shows the benchmark results
of various IMC architectures, highlighting the advantages
of high-density multicore parallel IMC systems enabled by
3D-VRRAM.

II. 3D-VRRAM DEVICE TECHNOLOGY

Fig. 1(a) shows the concept of a multitile IMC architecture
where each tile includes a CBA, peripheral circuits for analog-
digital conversion, operational amplifiers, interconnections,
and digital processing hardware. The memory technology
of each CBA determines the maximum number of stored
parameters, fabrication cost, and area footprint. In particular,
3D-VRRAMs enable vCBA, allowing for smaller tiles and
high density. Furthermore, multiple vCBAs can share the
same periphery via multiplexing, as depicted in Fig. 1(b), thus
enabling cost-effective and efficient analog multicore IMC
systems for linear algebra operations on large problems.

Fabrication Process: Fig. 2(a) shows the sketch of a
3 × 3 vCBA structure. The full fabrication process flow takes
place in the back end of the line (BEOL), starting with
the deposition of a stack of multiple layers of alternated Pt
bottom electrodes (BEs, thickness of 10 nm), Ti adhesion
layers (thickness of 1 nm), and SiO2 spacers (thickness of
50 nm). The stack is deposited on a patterned Si/SiO2 wafer
via e-beam evaporation. After lift-off, multiple etching steps

Fig. 2. Structure of the 3D-VRRAM arrays developed in this work.
(a) Sketch of the vCBA geometry. The planar BEs consist of Pt layers
and are separated by SiO2 spacers. Metallic Ti/Cu vias are used to
contact the planar BEs. The switching stack consists of a HfOx layer
and a Ti TE which were sputter-deposited on a vertical sidewall of a via
hole. (b) Optical microscope top view of the final 3 × 3 vCBA. (c) SEM
image of the via hole before the deposition of the HfOx/Ti stack.

with Ar+ ions are executed to obtain the staircase structure
for contacting the Pt electrodes. Then, a relatively thick SiO2
spacer is deposited, and via holes are obtained by reactive ion
etching (RIE) in CHF3 plasma to expose the Pt electrodes.
The via holes are filled with Ti/Cu metal in contact with the
planar Pt electrodes and isolated by the SiO2 spacers. Finally,
the memory holes with a diameter between 5 and 10 µm
are etched across the whole stack, followed by the sputter
deposition of vertical layers on the hole side wall, including
the HfOx switching layer (thickness of 8 nm) and the Ti top
electrode (TE) layer.

Fig. 2(b) shows the top-view optical microscopy image
of the final 3 × 3 vCBA. Note that the metal contact pads
for TEs and BEs are kept outside of the multistack to
prevent any possible mechanical stress or damage to the
thin-layer multistack during the electrical probing. Fig. 2(c)
shows the tilted scanning electron microscopy (SEM) image
of a 10-µm via hole before the deposition of the vertical
stack, clearly indicating the Pt BEs as bright layers separated
by SiO2.

III. ELECTRICAL CHARACTERISTICS

Quasi-static electrical measurements were performed with
a 4155B semiconductor parameter analyzer. Fig. 3(a) shows
the measured current–voltage (I –V ) characteristics of three
3D-VRRAM devices sharing the same circular via hole, high-
lighting the set transition to the low-resistance state (LRS)
and the reset transition to the high-resistance state (HRS).
In these measurements, the voltage was applied to the common
TE while grounding one BE at a time. A compliance current
of 300 µA was adopted to control the set transition. Overall
20 switching cycles were carried out for each layer to highlight
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Fig. 3. Measured characteristics of the 3D-VRRAM devices. (a) I–V
switching characteristics of 3D-VRRAM devices located at BE1–BE3
within the same vertical pillar electrode. (b) Cumulative distribution of the
measured conductance of LRS and HRS states for 3D-VRRAM devices
in various layers. (c) Cumulative distribution of the measured set/reset
voltages for various layers. The same device was measured repeatedly
to assess the cycle-to-cycle variability.

the cycle-to-cycle (C2C) variability of set/reset characteris-
tics. Fig. 3(b) and (c) shows the cumulative distributions of
LRS/HRS conductance states and set/reset voltages, respec-
tively. Devices show relatively uniform switching behavior
with low C2C variations and negligible dependence on the
BE position in the stack.

To assess the multilevel cell (MLC) capability of the
devices, we measured the I –V characteristics at increasing
compliance current Ic. Fig. 4(a) shows the switching char-
acteristics at increasing Ic. Fig. 4(b) shows the measured
LRS conductance as a function of Ic for multiple devices in
each of the three BEs, where 20 cycles were operated for
each Ic. The LRS conductance shows an approximately linear
dependence on Ic, although with different slopes between
devices. The presence of device-to-device (D2D) variabil-
ity is typical of filamentary switching RRAM [17]. For
3D-VRRAM, the adoption of a highly conformal and control-
lable deposition technique for the switching oxide layer, such
as atomic layer deposition [18], would be effective in reducing
D2D to enable scalability toward a large number of layers.
Despite the D2D variations, in the array, we were able to
finely tune the device conductance by gradual reset operations,
where sweeps or pulses at increasing negative TE voltage were
applied on an arbitrary LRS to reduce the conductance state
until the desired conductance was reached. Fig. 4(c) shows
the sequential I –V curves, where the maximum voltage was
increased at every sweep to induce gradual reset transitions.
The low-voltage I –V curves in Fig. 4(d) evidence the good
linearity of the programmed states.

Fig. 4. MLC operation of the 3D-VRRAM devices. (a) Switching I–V
curves at increasing Ic. (b) Measured LRS conductance as a function of
Ic for each BE layer. The conductance was evaluated at a read voltage
of 0.2 V. (c) Gradual reset operation, where the negative voltage sweep
was executed with an increasing maximum voltage, to enable reaching a
higher resistance level. (d) Typical low-voltage I–V curves of 3D-VRRAM
devices programmed at various MLC state. The devices show good
linearity in the low-voltage regime, which is essential for the accurate
execution of MVM within the array.

IV. IMC WITH MULTILEVEL 3D-VRRAM ARRAYS

To demonstrate IMC with 3D-VRRAM, vCBAs were
programmed according to the half bias scheme, where a
voltage Vprog was applied across the selected device, while
all other BEs and TEs were biased at Vprog/2 to mitigate
the effect of sneak-path currents. Note that, since sneak-path
effects represent a key drawback in 1R passive CBAs, the
adoption of proper pillar selectors may be necessary for
scaling 3D-VRRAM to large array dimensions comparable to
3D-NAND flash memory [19], [20]. In this work, to maximize
the MLC conductance precision, and counteract the effects
of D2D variations in one-shot programming, we adopted a
program-verify algorithm where set operations at increasing
compliance currents were combined with gradual reset opera-
tions at increasing voltage [Fig. 4(c)] [21]. Fig. 5(a) shows the
cumulative distributions of the programmed conductance G,
while Fig. 5(b) shows the standard deviation σG as a function
of the median G. The programmed states display a small
σG , generally below 10% relative to the median conductance.
Fig. 5(c) shows the result of a retention experiment in which
five target conductance states were monitored over ∼9 h by
periodic reading operations, at 0.3 V, every 120 s. The experi-
ment revealed a good stability of the 3D-VRRAM conductance
with negligible drift for 104 s at room temperature.

A. MVM Operation in 3D-VRRAM Arrays
Fig. 6 shows the schematic configuration for demonstrating

the MVM operation in the vCBA of 3D-VRRAM devices.
First, an MLC conductance matrix G is programmed by
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Fig. 5. MLC programming of the 3D-VRRAM devices. (a) Cumulative distributions of the programmed conductance in vCBAs after the program-
verify operation. (b) Standard deviation σG of the conductance as a function of the median conductance. (c) Retention experiment on five
programmed conductance states. A read operation at 0.3 V was performed every 120 s.

Fig. 6. Open-loop IMC circuit. A voltage triplet is applied to the TEs of
vCBA with grounded BEs. The result of the operation is given by Ohm’s
and Kirchhoff’s laws: i = Gv.

the high-precision program-verify scheme in the 3D-VRRAM
array. Then, a vector of analog voltages v is applied to the
TEs, while the output current vector: i = Gv is probed at
the grounded BEs. A differential pair of vCBAs was used to
map the weights in the case of an arbitrary matrix with both
positive coefficients G+ and negative coefficients G− [22].
In the differential configuration, an inverting stage was added
to the circuit to change the sign of the input v for the negative
vCBA. The output currents were then collected to yield the
signed MVM operation given by i = (G+

− G−)v [22].
Fig. 7(a) shows the correlation plot between the experimen-

tal currents I and the ideal current Iid calculated with floating
point precision (FP64) for 100 MVM operations on multiple
vCBAs programmed in the target states (Fig. 5). The input
voltage values were randomly generated in the low-voltage
range between −0.2 and 0.2 V to minimize possible disturbs
to 3D-VRRAM devices. Indeed, no conductance variation
was observed during the MVM operations on each matrix,
thus confirming the stable nonvolatile storage of 3D-VRRAM
devices. Fig. 7(b) shows the histogram of the absolute MVM
error obtained as i − i id, indicating a standard deviation
of about 0.7 µA. The average relative error, computed as
∥i − id∥2/∥id∥2 for each MVM operation, is approxi-
mately 7.5%. These results support the accuracy of the
MVM operation in MLC-programmed vCBAs of 3D-VRRAM
devices.

Fig. 7. Experimental results of MVM operation in the vCBA. (a) Cor-
relation plot of the measured current as a function of the ideal current
calculated with FP64 precision on the target weights. (b) Histogram of
the absolute error.

B. Matrix Inversion in 3D-VRRAM Arrays
Fig. 8 shows a schematic description of the closed-loop

circuit for linear system solution and matrix inversion [23].
In this circuit, the vCBA serves as a negative feedback network
across a set of operational amplifiers (OAs). A current vector i
is applied at the BE terminals connected at the inverting node
of the OAs. If the system is stable, i.e., the coefficient matrix
is positive definite, the output voltage v of the OAs yields the
solution of the linear system Gv = −i , namely, v = −G−1 i .
Similar to MVM, the differential weight configuration can be
adopted by adding a second vCBA and an inverting stage for
the output voltages to yield v = −(G+

− G−)−1 i .
Fig. 9(a) shows one of the programmed matrices used

to experimentally demonstrate matrix inversion. The figure
also shows its inverse matrix, calculated by sequentially
applying input current vectors I0 × [100]

T , I0 × [010]
T , and

I0 × [001]
T , where I0 =10 µA, and the computed matrix

G−1
× G, which is equal to an identity matrix within an

error of about 2%. The value of I0 was chosen to yield an
output voltage within the ohmic operation range of the RRAM
devices, i.e., below 0.2 V. Fig. 9(b) shows the oscilloscope
traces of the output voltages corresponding to the nine inverse
matrix components. The figure also reports simulation results
from an analytical model of the closed-loop circuit [24],
evidencing a good agreement with the experimental data. The
time constant of the output response in Fig. 9(b) is in the
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Fig. 8. Closed-loop IMC circuit. In this configuration, the vCBA is in
the feedback branch of OAs. The input is a current vector injected in the
BEs, which are connected at the inverting node (virtual ground) of the
OAs. The output is given by: v = G−1 i .

Fig. 9. Matrix inversion in 3D-VRRAM arrays. (a) Color plot of the
programmed conductance matrix G normalized by the maximum con-
ductance, the experimental results of the matrix inversion G−1, and their
product G−1

× G, which is approximately equal to the identity matrix.
(b) Oscilloscope traces of the output voltage during matrix inversion,
corresponding to the components of G−1. The columns of G−1 are
obtained from three sequential operations with input current vectors
I0 × [100]

T, I0 × [010]
T, and I0 × [001]

T, respectively.

order of 100 µs, which is limited by the bandwidth of the
OAs and the condition number of the coefficient matrix. The
latter is defined by κ = σmax/σmin, where σmax and σmin are
the maximum and minimal singular values of the coefficient
matrix, respectively. The condition number provides a lower
bound estimation of the accuracy of the linear system solution,
as it describes the impact of a small perturbation of the input
on the output. Perturbation might include the nonidealities
of the circuit, such as the programming error of the analog
weights, the nonlinearity of 3D-VRRAM devices, the bias
currents and offset voltages of the OAs, and thermal noise.
Fig. 10(a) shows the measured output voltages for 100 linear
systems as a function of the FP64 numerical solution. Various
matrices were used in the measurements with κ ≤ 10, and
random input vectors were applied for each matrix. Fig. 10(b)
shows the relative error, calculated as ∥v − vid∥2/∥vid∥2, as a
function of κ . In general, the error increases with κ due to the
increasing sensitivity to experimental perturbations [24].

V. IN-MEMORY DISCRETE COSINE TRANSFORM

The high density of 3D-VRRAM devices can enable highly
parallel computing tasks such as the high-efficiency image

Fig. 10. Experimental results of matrix inversion in the vCBA. (a) Corre-
lation plot of the measured solutions of the linear systems as a function
of the ideal solutions calculated with FP64 for matrices with condition
number κ ≤ 10. (b) Measured results of linear system solution as a
function of the condition number of the programmed coefficient matrix.
Ill-conditioned problems make the circuit more sensitive to experimental
noise and other nonidealities of 3D-VRRAM devices and periphery
circuits.

codec (HEIC) algorithm for video compression [26]. In this
algorithm NDCT × NDCT subblocks of an image file are con-
verted to the frequency domain via DCT. Data compression
is achieved by retaining only the most significant coefficients
above a given amplitude threshold. Multiple MVM operations
are required for each conversion, which can be executed in
memory arrays with low power consumption. To demonstrate
DCT on a relatively large size matrix, we adopted a 12 × 12
RRAM hCBA based on the same stack of the 3-D VRRAM
cells, namely, Ti/HfOx /Pt. To obtain comparable device behav-
ior, the arrays have been fabricated with the same deposition
techniques for BE, TE, and switching oxide. Fig. 11(a) illus-
trates a sketch of the 2-D RRAM device structure. The process
for the 12 × 12 hCBAs includes the deposition of Ti(5)/Pt(50)
BEs by e-beam evaporation on a patterned Si/SiO2 substrate,
followed by lift-off, and deposition of a 100-nm SiO2 spacer
oxide layer by e-beam evaporation. Circular via holes of 1-µm
diameter are patterned and dry etched by RIE to expose the Pt
BE surface. A final lithographic step is done for the TEs, and
the HfOx /Ti are deposited by reactive sputtering. Fig. 11(b)
shows the optical microscope top view of the hCBA. Fig. 11(c)
shows the hCBA set/reset I –V curves at multiple compliance
currents, evidencing filamentary switching behavior and hys-
teresis shape which are similar to 3D-VRRAM. Fig. 11(d)
shows the LRS conductance as a function of Ic, indicating
the multilevel capability of the cells which is comparable to
the 3D-VRRAM devices. The DCT coefficients were mapped
in the 12 × 12 array as shown in Fig. 12(a). Fig. 12(b) shows
an original image and its reconstruction after the MVM
operations required for HEIC compression/decompression are
carried out in RRAM hCBAs. Fig. 12(c) shows a correlation
plot of the measured reconstructed pixel signal compared
to the ideal FP64 value. Fig. 12(d) shows the reconstruc-
tion accuracy for a 276 × 156 pixels video from the DEC
dataset [25], yielding a mean peak SNR of 27 dB matching
3-bit digital HEIC. This application is amenable to parallel
multicore IMC systems (Fig. 1), as multiple blocks of the
original image can be processed in parallel to maximize the
compression/decompression throughput.
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Fig. 11. Cell structure and characteristics of the 2-D RRAM arrays.
(a) Sketch of Ti/HfOx/Pt RRAM structure. (b) Optical microscope view of
the hCBA. (c) I–V curves for increasing Ic. (d) Programmed conductance
as a function of Ic, where the error bars represent C2C variability. The
hCBA cells show comparable behavior to 3D-VRRAM devices.

Fig. 12. Illustration of RRAM-based DCT for image compression.
(a) Target W (top) and programmed (bottom) DCT coefficient matrices
on 2-D RRAM CBA. (b) 12 × 12 pixel subblocks X of the original frame
276 × 156 (top) are transformed to obtain frequency-domain matrices Y.
The operation is repeated with a series of sequential MVM operations
until the full image is converted. Then, by applying inverse DCT on
matrices Y and reassembling them, the reconstructed frame (bottom)
is obtained. (c) Correlation plot between experimentally measured pixel
values for IMC and ideal values from FP64. (d) Peak signal-to-noise ratio
(SNR) of IMC-reconstructed (blue) and 3-bit digital reconstructed (red)
as a function of the frame number for a 35-frame video [25].

VI. RECURSIVE BLOCKWISE INVERSION

The recursive blockwise inversion (RBI) algorithm aims at
reducing the matrix inversion of a relatively large matrix to
a smaller matrix that can fit in the available CBA. Fig. 13(a)

illustrates the RBI concept, where a large coefficient matrix A
is partitioned into 2 × 2 smaller subblocks [27]. The subblocks
are small enough to fit into the available CBA for the execution
of MVM or matrix inversion operations. In particular, the
figure displays the sequence of operations needed to compute
the matrix inverse A−1 based on multiplications, summa-
tions, and inversions of the subblocks. A key role in the
RBI process is played by Schur’s complement, defined as
A4s = A4− A2 A−1

1 A3. Given the large number of operations in
the RBI sequence, the 3D-VRRAM can serve as an excellent
accelerator system, as multiple MVMs and inversions can
be executed in parallel or in the pipeline in a multitile
vCBA array (see Fig. 1). For large matrices, each subblock in
Fig. 13(a) can be partitioned several times until the individual
subblock size matches the available CBA. For instance, a
1024 × 1024 matrix is partitioned five times to fit into a
32 × 32 CBA. The number of partitions is generally referred
to as the recursion depth.

Fig. 13(b) shows the number of required operations, includ-
ing MVM, matrix inversion, and matrix reprogramming, as a
function of the recursion depth. Results in the figure indicate a
complexity of O(N γ ), where N is the original matrix size and
γ is a coefficient between 2 and 3. RBI was experimentally
studied on an SRAM-based IMC test vehicle for solving
both MVM and matrix inversion with 5-bit precision of the
mapped coefficients [15]. At each iteration, the subblocks were
mapped into the SRAM cells and the MVM or linear system
solution was carried out. Regression models are typically
trained by computing the Moore–Penrose pseudoinverse X+

=

(X T X)−1 X T of the data matrix X [28]. The RBI algorithm
enables the blockwise computation of this problem as shown in
Fig. 13(c). Here, the Gram matrix C = X T X is first obtained
by block-wise MVM. Then, the Gram matrix is block-inverted
by using the columns of X T as the known terms to obtain
the subblock matrices Di of the pseudoinverse X+. For the
experimental demonstrations on a relatively large matrix,
we considered the Boston Housing problem for estimating
the price of a house based on 12 parameters [29]. Fig. 13(d)
shows the estimated price for 106 houses, where the regression
model was trained by in-memory block pseudoinversion of
a 400 × 12 data matrix on our SRAM-based IMC test
chip [15]. The figure also shows the price estimations obtained
by digital computation with FP64 precision. Fig. 13(e) shows
the distributions of the relative error between the estimated
price and the actual price. In general, the IMC results are in
line with the digital estimations, supporting RBI for large-scale
regression problems. Note that, RBI matrix partition may be
used to distribute inverse-matrix computation among smaller
IMC tiles to mitigate parasitic effects affecting computational
accuracy such as IR drop [30]. While the blockwise regression
problem was solved sequentially in the SRAM-based IMC
system, a highly parallelized approach might be implemented
in a multitile IMC processor with vCBAs of 3D-VRRAM
devices.

VII. BENCHMARKING

We studied the performance and energy/area efficiency of
IMC by comparing the three architectures shown in Fig. 1(b),
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Fig. 13. RBI conceptual scheme and experimental results. (a) Illustration of the RBI algorithm, where blocks B1–B4 of the inverse matrix are
computed by matrix inversion and multiplication of matrix blocks A1–A4. (b) Number of MVM operations, matrix inversions, and memory remappings
as a function of RBI recursion depth, proportional to the logarithm of the matrix size. (c) Schematic methodology for the solution of the regression
problem. Block-MVM is first performed to obtain the square Gramian matrix C = XTX, followed by the application of the RBI algorithm using XT

as known term to compute the Moore–Penrose pseudoinverse matrix X+. (d) Predicted house price by IMC-trained and FP64-trained regression
model as a function of the actual price for 106 houses. (e) Relative price error for IMC-trained and FP64-trained predictions.

Fig. 14. Performance benchmarking of various IMC architectures
[Fig. 1(b)]. (a) Estimated throughput, (b) estimated energy efficiency,
and (c) estimated area efficiency. Benchmarks were evaluated for an
eight-layer DNN inference extracted from NeuroSim [32] and for a
256 × 256 RBI task. The results are compared with a commercial
embedded GPU [31].

namely, hCBA, vCBA, and multitile vCBA. In vCBA,
we assumed 3D-VRRAM devices, while conventional planar
RRAM devices were assumed for the hCBA. Since IMC is
considered to be a promising solution, especially for edge
AI applications; we compared the 3D-VRRAM-based IMC
system to a digital computing system represented by an
embedded NVIDIA GPU [31]. We considered both a typical
open-loop MVM application, namely, a deep neural network
(DNN) inference [32], and a closed-loop inversion applica-
tion, namely, RBI. The benchmarks assume 14-nm CMOS
technology, with ADC sampling at 50 MS/s and 5-ns latency
DACs. Each benchmark adopts N/2 duplicate arrays to map
each of the (N/M)2 submatrices, where N and M correspond
to the size of the problem and of the submatrices blocks,
respectively; therefore enabling the parallel solution of all
necessary linear systems. The multitile vCBA architecture was
assumed to share the peripheral circuits between cores via
multiplexing. Fig. 14 summarizes the benchmarking results in
terms of estimated throughput (a), energy efficiency (b), and
area efficiency (c). In general, IMC solutions provide compa-
rable performance to state-of-the-art embedded GPU, but with
1–2 orders of magnitude improvement in energy efficiency.
Multitile vCBA allows for a significant improvement in terms
of area efficiency, thanks to the reduction in footprint and
the high memory density. Overall, these benchmarking results
confirm 3D-VRRAM as an enabling technology to achieve
high-memory density and high-energy efficiency in IMC
systems.

VIII. CONCLUSION

This work presents a HfOx -based 3D-VRRAM technology
for parallel IMC leveraging MLC operation and vertical 3-D
structure. We demonstrated both open-loop MVM and closed-
loop matrix inversion with accurate MLC programming in
3 × 3 3D-VRRAM arrays. Application in real-life scenarios is
supported by extensive experiments of image compression and
matrix inversion for linear regression on larger sized hCBA
of RRAM devices. These results support 3D-VRRAM as a
key enabler for high-density, energy-efficient parallel IMC
systems.
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