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I. I NTRODUCTION
In-memory computing (IMC) is an emerging paradigm
where certain low-level computational tasks are executed
within a memory array using the physical attributes of the
memory devices and their array-level organization [1], [2]. For
example, memristive devices [3] storing the matrix elements
in terms of their conductance values when organized in a
crossbar configuration can perform matrix-vector multiplication (MVM) operations in constant time complexity by
exploiting the Kirchhoff’s circuit laws. This makes IMC very
attractive for applications such as deep neural network (DNN)
inference [4], [5] (see Fig. 1).
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Abstract—Memristive crossbar arrays can be used to realize
matrix-vector multiply (MVM) operations in constant time complexity by exploiting the Kirchhoff’s circuit laws. This is enabled
by the parallel read of the entire array in a single time step.
However, parallel writing is prohibitive in such arrays due to
limitations on the current that could be accumulated along the
wires. Hence, loading the matrix elements into such an array
still incurs significant time penalty. Another key challenge is
the achievable computational precision. To overcome these challenges, we propose a unit-cell array design where each unit-cell
comprises four memristive devices each attached to a selection
transistor. Moreover, the array is organized in such a way that
the selection transistors can be turned on in a diagonal fashion.
We experimentally demonstrated this concept by fabricating a
2 × 2 unit-cell array based on projected phase-change memory
(PCM) devices in 90 nm CMOS technology. It is shown that
using the diagonal connections, the write operations can be
parallelized while maintaining the current limit of the back-endof-the-line metallization. Moreover, the increase in write time due
to having more devices per unit-cell is minimized through a clever
combination of single-shot and iterative programming schemes.
Finally, we present experimental results on MVM operations that
demonstrate the improved computational precision.

Fig. 1. Schematic illustration of a multilayer artificial neural network that
can be used for image classification. The MVMs that are executed in each
layer can be implemented using memristive crossbar arrays.

The O (1) complexity MVM operation is enabled by the
parallel read of the entire crossbar array. However, it is quite
challenging to write or program multiple devices in parallel
and this significantly limits the latency incurred when storing
the matrix elements. Existing techniques [6], [7] that aim at
maximizing the parallelization of write-operations lead to high
current accumulation on the metal wires. This results in limited
scalability, decreased reliability and increased programming
stochasticity due to state dependent voltage-drop [8]. Achieving at least O (𝑁)-complexity for carrying out programming
operations on memristive crossbars is desirable to accelerate
the import of pre-trained weights for DNN inference [4] and is
essential to enable applications such as DNN training [9]–[11].
Another key challenge associated with MVM using IMC is
the lack of precision [12]. This is addressed both at the devicelevel with concepts such as projected phase-change memory
(PCM) [13]–[15] and at the architectural level via multimemristive unit-cells [16], [17]. Here, we present an array
design that facilitates O (𝑁) programming and by combining
the concepts of projected PCM and multi-memristive unitcells, achieves computational precision that exceeds a digital
4-bit fixed point implementation. The design is experimentally
validated using a 2 × 2 array-protoype based on PCM devices
fabricated in 90 nm CMOS technology.
II. U NIT- CELL ARRAY DESIGN
The proposed concept consists of a crossbar array of unitcells storing the matrix elements. To facilitate programming
of the array with O (𝑁) time complexity, the unit-cells are
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Fig. 2. Diagonal selection concept that facilitates O(𝑁 ) programming in an
𝑁 × 𝑁 crossbar array. If there is provision to select unit-cells in a diagonal
manner, it is possible to select 𝑁 devices in parallel such that exactly one
unit-cell is selected per row and column. Hence, independent of the array
size, the maximum current in the wiring will never surpass the programming
current for a single device. Two representative examples are shown where (a)
the unit-cells along the main diagonal are selected and where (b) the cells
along two peripheral diagonals are selected.
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Fig. 4. 3-d view of the 2 × 2 array prototype. The four diagonal gate-lines
per unit-cell are realized in metal 1 (blue) and 2 (purple). Unit-cell 𝑤2,1
1 to 𝑔4 (in
is exposed, so that the insertion point of the PCM devices 𝑔2,1
2,1
yellow) directly below the metal 1 becomes visible. The inset shows the TEM
image of a representative mushroom-type PCM device with projection liner.
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Fig. 3. Schematic illustration of the proposed unit-cell array. A 2×2 crossbar
segment of the array is shown that is able to store 4 synaptic weights 𝑤11 ,
𝑤12 , 𝑤21 and 𝑤22 . Each unit cell is comprised of 4 PCM devices each with
an NMOS access device. The top electrodes of the PCM devices are shorted
together to the corresponding horizontal bit-line HBL𝑖 , while the transistor
sources connect to the vertical one VBL 𝑗 . 12 select lines connected to the
gates of the transistors facilitate the diagonal selection.

selected in a diagonal manner as shown in Fig. 2. As a proof
of concept, a crossbar with 2 × 2 unit-cells was proposed as
shown in Fig. 3. To increase the computational precision associated with the MVM operation, each matrix element, 𝑤 𝑖, 𝑗 , is
encoded in terms of the conductance value of four memristive
devices denoted by 𝑔𝑖,1 𝑗 to 𝑔𝑖,4 𝑗 . Through parallel connection,
the sum of the device conductance
values encode each matrix
Í
element, namely, 𝑤 𝑖, 𝑗 = 4𝑘=1 𝑔𝑖,𝑘 𝑗 . Each memristive device is
attached to an NMOS transistor which serves as the selection
device. The top electrodes of the memristive devices per unitcell are connected to the horizontal bit-lines HBL𝑖 and the
NMOS transistor drains are connected to the vertical bit-lines
VBL 𝑗 . Thus, a bi-directional crossbar is formed, as the read

direction can be arbitrarily set, given a sufficiently symmetric
device (in terms of the 𝐼 − 𝑉 characteristics) and a large
enough access transistor. Within one unit-cell, each access
NMOS transistor gate connects to a different select-line, which
is routed diagonally through the array. In the IMC-mode,
all diagonal select-lines are activated, enabling all devices
and unit-cells, so that MVM operations can be performed.
However, during programming, either a single select-line from
the center diagonals or a pair of select-lines from the peripheral
ones is activated. This faciliates programming of the array
with O (𝑁) time complexity. The diagonal wiring ensures that
always just a single device is active per horizontal and vertical
bit-line. This also facilitates reliable, leakage current-free readout of an individual device conductance which is essential for
iterative programming.
The proposed crossbar array was designed and fabricated
using mushroom-type PCM devices with a projection liner
above the bottom electrode [13], [15]. The layout of the
2 × 2 crossbar is shown in Fig. 4. To achieve maximum areal
density, the PCM devices are located directly on top of the
1 .
transistors, as can be seen by the highlighted device 𝑔2,1
It can be noted that the access device is kept conservatively
large, beyond the common minimal size in 90 nm [18], so that
devices with experimental material compositions that require
high currents at high voltages can be tested. As a result,
the unit-cell footprint of 11.76 µm2 is defined by the size
of the access-transistors. The four diagonally connected Gate
signals per unit-cell are wired on the first two metals, which
are highlighted in blue and purple. Note how those wires
encircle the unit-cell and connect each via three redundant
staggered vias to the gate poly below. Diagonal routing, which
is explicitly permitted in standard foundry rules of 90 nm
technologies, is restricted to the crossings from one unit-cell
to the next.
The routing of HBL𝑖 and VBL 𝑗 is done on the most
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Fig. 5.
Block diagram description of the programming algorithm that
combines single-shot (SSP) with iterative programming (ITP).
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Fig. 6. Measured single-shot programming (SSP) curves for 16 PCM devices
starting from the threshold voltage. Programming voltages are applied as block
pulses. For voltages higher than ca. 1.2V the device is put into RESET state.

conductive metal available in the stack that can be used within
the given cell size. In this case it was the two double-width
metals on the top, which are coloured green in Fig. 4. This
is to minimize the cell-to-cell resistance and any undesirable
interconnection resistance (IR)-drop effects during the massively parallel read operations in the in-memory computing
(IMC)-mode [8].
III. P ROGRAMMING ALGORITHM
The fabricated array prototype was used to store the matrix
elements and to perform MVM operations. As the programming current is increased, the size of the amorphous region
increases progressively and this results in a near monotonic
relation between the device conductance and the programming current. This characteristic, typically referred to as the
programming curve, however, exhibits significant inter and
even intra-device variability. Hence it is essential to resort
to iterative programming (ITP) to accurately program a PCM
device to a desired conductance value [19]. Multiple writeverify steps are executed as part of ITP.
To minimize the energy and time that is required to program
the conductance of one unit-cell 𝑤 𝑖, 𝑗 to a target value of
𝑤 ∗𝑖, 𝑗 , we propose a combined SSP and ITP scheme, as shown
in Fig. 5. At first the unit-cell is initialized by programming
𝑔𝑖,1 𝑗 , 𝑔𝑖,2 𝑗 and 𝑔𝑖,3 𝑗 to a RESET state (close to zero conductance) and 𝑔𝑖,4 𝑗 to a SET state (maximum conductance). If
the residual conductance 𝑤 ∗𝑖, 𝑗 − 𝑔𝑖,4 𝑗 is greater than zero, then
in three successive SSP steps, the conductances 𝑔𝑖,1 𝑗 to 𝑔𝑖,3 𝑗
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Fig. 7. Illustration of diagonal selection and programming using the combined
SSP/ITP algorithm. Device pairs on a matrix diagonal, in this case 𝑤11 & 𝑤22
or 𝑤21 & 𝑤12 , are programmed simultaneously to their respective 5-bit target
values. The different operations associated with the programming algorithm
are color coded.

are programmed to account for it. The SSP current value
is determined based on the characterized mean programming
curve that is obtained from multiple device measurements, as
shown in Fig. 6. Finally, after the last SSP step, the unitcell is in a state where the target conductance 𝑤 ∗𝑖, 𝑗 can be
reached via ITP on 𝑔𝑖,4 𝑗 . Note that the dynamic range of the
unit-cell is extended fourfold whereas the average number of
programming steps only increased by three – one more step
for each additional device in the unit-cell.
The performance of the algorithm was experimentally validated on the array-prototype using a custom-built characterization platform. This is done by programming all four unitcells to different states using the proposed scheme. Due to
the diagonal connections, two devices can be programmed
in parallel, so that per programming-step a device pair from
unit-cells 𝑤 1,1 and 𝑤 2,2 or 𝑤 1,2 and 𝑤 2,1 is activated. As it
can be seen from the results shown in Fig. 7, the proposed
programming scheme concludes after 23 steps, which is when
all four unit-cells have reached the tolerance band of their
respective 5-bit target value. Note that each programming steps
consists of a combined write and read-back operation, so that
programming errors can be corrected in the subsequent cycles.
IV. MVM RESULTS
Finally, to quantify the computational precision, MVM operations were performed using the array-prototype employing
either a single PCM-device or the full unit-cell. The results
were also compared to that of low-precision fully digital 4bit and 5-bit fixed-point implementations. First, the unit-cells
are programmed to various combinations of 5-bit conductance
states, such that given defined input vectors, the ideal MVM
results would cover the full output range. The application of
the input stimuli is achieved by means of read-voltage amplitude modulation along the HBLs and the MVM is obtained
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Fig. 8. Experimental results showing the precision associated with the MVM
operations carried out using the 2 × 2 array-prototype. The measured MVM
result in terms of the VBL current is plotted against the ideal MVM result.
It is seen that we can achieve higher computational precision using all four
devices in the unit cell as opposed to using just one device.

by digitizing the measured current sinked from the VBLs. As
indicated in Fig. 8, the computational precision is significantly
higher when employing all the 4 PCM devices in the unitcell compared to a single device. Moreover the computational
precision of the 4 device implementation exceeds that of the
4-bit fixed-point implementation.
V. C ONCLUSION
In summary, a unit-cell array is proposed for IMC where
each unit-cell comprises 4 PCM devices connected in parallel
to increase the computational precision. Moreover, the devices
are selected in a diagonal fashion. An efficient programming scheme combining single-shot and iterative programming schemes is proposed to partially alleviate the increased
time and energy cost associated with programming 4 devices.
Experimental results on a 2 × 2 array-prototype fabricated in
90 nm CMOS technology node demonstrate the efficacy of the
proposed approach. This work could extend the application
domain for IMC by reducing the write latency and increasing
the computational precision.
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