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ABSTRACT In-memory computing is a promising solution to break through the conventional von Neumann
bottleneck. Owing to the low-power consumption, Si fabrication compatibility and fast switching speed,
the HfZrOx (HZO)-based ferroelectric devices attract attention as artificial synapses. By using crossbar
architectures, artificial synapse array can greatly speed up the efficiency for neuromorphic applications.
However, interconnect resistance effect will cause a serious decrease in calculation accuracy. This paper
proposes a crossbar array architecture with the HZO-based ferroelectric synapses, which can restore the
current distortion caused by the interconnect resistance. At the device level, the synaptic potentiation and
depression behaviors are achieved by adjusting the pulse duration. For the circuit level, the interconnect
resistance can be significantly compensated. In neuromorphic computing, a high accuracy rate of 96% is
realized, which can be further improved with the expansion of the array size. Our results provide a step
towards the development of large-scale ferroelectric HZO-based neuromorphic devices.

INDEX TERMS Ferroelectric synapse, residual polarization, interconnect resistance, neurological system.

I. INTRODUCTION
In-memory computing, showing fast calculation speed, is
regarded as a promising candidate to break through the
von Neumann bottleneck [1], [2]. It uses the computer
memory to perform calculation and storage in the same
location, without transferring data on the data bus [3]–[5].
The calculation efficiency is therefore significantly improved.
Many novel devices are involved to build resistance cross-
bar arrays for the applications of in-memory computing,
including the resistive random-access memory (RRAM) [6],
phase change memory (PCM) [7]–[8], ferroelectric random-
access memory (FRAM) and so on. Zhang et al. evaluated
the respective advantages and disadvantages of RRAM. It is
pointed out that the poor consistency, poor repeatability, and
uneven conductance changes would bring problems in neu-
rosynaptic device [9]. Wouters et al. proposed a PCM-based
resistive switching memories, but its application is limited by

the high energy consumption [10]. The ferroelectric random-
access memory gets widespread attention because of its low
power consumption [11] and fast switching [12], which is
ascribed to the unique ferroelectric polarization conversion
mechanism [13]–[14]. Oh et al. achieved multiple polar-
ization residual states through different pulse voltages and
durations [15]. But reset pulses are required to initialize the
polarizations in each operation process, which could lead to
unnecessary power loss.
In the crossbar array architectures, the larger size is ben-

eficial for implementing more complex and accurate neural
network algorithms [8]. However, the interconnect resistance
effect and sneak path will lead to huge extra power [16]–[18].
When comes to the deep neural network (DNN) calcula-
tion [19]–[21], this effect can cause severe problems like
decreased calculation accuracy and convergence speed. The
main method to reduce this deviation is to substitute its
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equivalent resistance through Kirchhoff’s equation, but it
takes a lot of time to calculate each memory. Liao et al. [16]
and Bao et al. [22] replaced Kirchhoff’s equations with a
new algorithm to improve computational efficiency. But it
still requires data transmission on the data bus, which reduces
the advantages of the in-memory computing. Wu et al. [17]
eliminated the data transformation by improving the unit
structure of the in-memory computing array, which also con-
fronts the problems of large extra power consumption. In
addition, with the scaling in the device sizes of ferroelec-
tric synapses, the enhanced reliability issue is becoming an
important factor for device performances, which should be
well-considered in designing circuit architectures [23]–[25].
Therefore, a solution that can maintain power consumption
and ensure the calculation rate is highly required.
In this paper, a new resistance crossbar array architecture

based on the HZO ferroelectric device is proposed. By adjust-
ing the duration of the voltage pulse, the multi-level residual
polarization states are obtained in ferroelectric synapse. In
the crossbar array, the interconnect resistance can be compen-
sated by using the improved circuits, which avoids solving
Kirchhoff’s equation. When comes to the DNN calculation,
the proposed method can restore the accuracy, which is more
suitable for larger crossbar arrays. Our finding provides the
possibility for the development of neuromorphic computing
based on ferroelectric artificial synapse.

II. FERROELECTRIC SYNAPSE
The ferroelectric synapse is composed of a 30nm TiN as the
bottom electrode (BE), a 10nm HZO ferroelectric layer and a
40nm TiN as the top electrode (TE) and the electrode size is
100µm*100µm. The BE was grown on a silicon substrate
with 200nm SiO2 by sputtering (Vnano VJC-450). HZO
is produced by atomic layer deposition (ALD, MNT S100-
L3S1) at 280◦C. The samples are annealed at 500 ◦C by rapid
thermal-anneal (RTA, LABSYS RTP-1200) for 30 seconds to
form ferroelectric phase. The switching speed of HZO-based
devices largely depends on the grain sizes and distributions
in the ferroelectric film, which can be modulated by using
different pulse voltages and pulse durations [26]–[27]. As
shown in Fig. 1(a), the PV curves are extracted experimen-
tally under different pulse durations from 1 µs to 100 µs.
A triangle pulse longer than 25 µs can switch the polar-
ization state of the ferroelectric synapse completely, while
the pulse shorter than 5 µs cannot. This indicates multiple
residual polarization states can be achieved by using different
durations.
Fig. 1(b) shows the extraction method of residual polariza-

tion state. Partial domain switching of ferroelectric devices
is required for emulating the biological synaptic features. In
each cycle, a switching pulse (500ns) is used to change
the polarization states and a read pulse (500ns) is used
for the extracted conductance. The residual polarization
is decided by the imposed switching pulses in history
(Fig. 1(c)). Sufficient margins can compensate for cycle-to-
cycle and device-to-device variations, which are beneficial

FIGURE 1. Device characteristics of single ferroelectric synapse.
(a) Polarization voltage curves under different durations. (b) The scheme
image residual polarization extraction method and whole test pattern.
(c) Polarization switch process and (d) current change trend corresponding
to the potentiation and depression process.

FIGURE 2. The diagram of DNN structure and the used memory array to
represent a layer.

for neuromorphic applications. The gradual decreasing and
increasing current are shown in Fig. 1(d), corresponding
to the potentiation and depression behaviors of biological
synapses.

III. IMPROVED CIRCUITS METHOD
In ferroelectric synapse array, as shown in Fig. 2, a layer
with m input signals and n neurons can be represented by
a m × n array. The input signal is represented by voltage
and transmitted to the next layer through current. It meets
the requirements for the full connection of the previous
layer and the next layer in the DNN calculation [28]–[29].
The output current obtained by the vector-matrix multi-
plication (VMM) is used as the input of the next layer,
which greatly reduces the transmission of data in the data
bus [18].
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FIGURE 3. Resistance crossbar array circuit. (a) The equivalent circuit for
solving Kirchhoff’s equation. (b) The circuit of each column when ignoring
the line resistance of the row circuit. (c) The circuit of each row when
ignoring the line resistance of the column circuit. (d) The equivalent
improved circuit.

In the resistance crossbar array, the ideal VMM calcula-
tion is:

Ij =
m∑

i=1

Vi
Ri

(1)

where Ij is the current output, Vi is the input voltage and
Ri is the resistance of the memory. In the actual cross-
bar array, the interconnect resistance makes the calculated
results suffering a large deviation. To reduce this error, a
method to quickly calculate this effect is very necessary.
Fig. 3(a) shows the equivalent circuit for solving Kirchhoff’s
equation. Fig. 3(b) and Fig. 3(c) consider the impact of each
row or column separately, and Fig. 3(d) is a quick way
to calculate this interconnect resistance effect by improved
circuits.
When the effect on each column is ignored, as shown in

Fig. 3(b), the effect of interconnect resistance on each row is
the same. This means that only one line needs to be repaired
and the result can be applied to every line in this array. The
Kirchhoff equation at Rbi is:

xi−1 − xi
Rbl

+ Vi − xi
Rbi

= xi − xi+1

Rbl
(2)

where Vi is the input voltage of each line, Ri is the resistance
of the memory, and Rbl is the line resistance. When i is equal
to 1, the first term in (2) does not exist. Thus, the formula
becomes to:

V1 − x1

R1
= x1 − x2

Rbl
(3)

When the effect on each column resistance is ignored, two
Kirchhoff equations can be expressed as:
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(4)

In the resistance crossbar array, the actual output current
can be expressed as:

Ir =
m∑

i=1

(
Vi − xi
Rbi

)
(5)

According to the difference between the ideal output Ij and
the actual output Ir, the resistance of the additional circuit
Rb can be obtained:

Rbi = mRbl
Ri + ∑m

i=1 (m+ 1 − i)Rbl
(6)

Using a similar analysis method, ignoring the effect on
each row, as shown in Fig. 3(c), the interconnect resistance
effect has the same effect on each column. The Kirchhoff
equation at Rj is:

xj−1 − xj
Rwl

= xj
Rwj

+ xj − xj+1

Rwl
(7)

where Rwj is the resistance of the memory, and Rwl is the line
resistance. When j is equal to 1, xj−1 is the input V. When
j is equal to n, the term j+ 1 does not exist, so Kirchhoff’s
equation can be written as:

xn−1 − xn
Rwl

= xn
Rwj

(8)

The Kirchhoff equations when the resistance of the entire
array is ignored can be expressed as:
⎡
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(9)

In the same way, by making the difference between
the ideal output current and the actual output current, the
modified circuit can be obtained:

Rwj =
∑n

j=1 (j− n)Rwl

Rj + ∑n
j=1 jRwl

(10)

In Fig. 3(d), two sets of circuits, Rb (Rb1,Rb2 · · ·Rbn)
and Rw (Rw1,Rw2 · · ·Rwm), are added in the improved
circuit. By using Rbi + Rij + Rwj to replace Rij, the
influence of interconnection resistance can be incorpo-
rated in the calculations. The proposed method can obtain
similar results without solving the Kirchhoff’s equations.
From (6) and (10), the resistance of two addition circuits
mainly depends on the line resistance and the position in
the array.
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FIGURE 4. The comparison of equivalent resistance under different
relative resistance obtained by using original circuit with solving
Kirchhoff’s equation and improved crossbar array circuit. (a) Single-layer
array containing 784x256 devices; (b) Double-layer array containing
784x256 and 256x256 devices.

Fig. 4 displayed the comparison results of normalized
resistance by using original circuit with solving Kirchhoff’s
equation (scattered point) and improved crossbar array circuit
(solid line) in simulation. It can be seen that the output cur-
rent has a large distortion in the array. The relative resistance
(ηr) is defined as the ratio of interconnect resistance and
device resistance. The interconnect resistance is depended by
the wire widths and lengths. To simplify, the interconnect
resistance is equal to the line resistance in each line and
column (Rbl = Rwl). The device resistance is defined as the
average of the highest and the lowest device resistance, which
does not change in the training process. In the single-layer
array (Fig. 4(a)), when the ηr is 0.001% and 0.01%, the nor-
malized resistance has a distortion of 4.18% and 28.7%. This
distortion will cause a significant decrease in the calcula-
tion accuracy of VMM operations. After using the improved
circuit, the difference with the solution of Kirchhoff’s equa-
tions is only 3.60%. This has reached acceptable accuracy.
Incorporating this result into the calculation process can
obtain the VMM calculation result more accurately. The
compensation result of the double-layer array is shown in
Fig. 4(b). Under different relative resistances, the improved
circuit could compensate the influence of interconnection
resistance, which is only 0.25% (ηr = 0.001%) and 2.4%
(ηr = 0.01%) away from the result obtained by using original
circuit with solving Kirchhoff’s equation. For the multi-layer
array, the proposed method can also improve the accuracy
by incorporating the distortion into the calculation. Noted
that this compensation method can be used in almost all the
two-terminal resistance devices including FRAM, RRAM,
PCM and so on.

IV. APPLICATION IN DNN CALCULATION
In DNN simulation, a ferroelectric synapse crossbar array
with improved circuits is used to verify the compensa-
tion effect. The improved circuit is used to compensate
errors in VMM calculations caused by interconnect resis-
tance. To maintain the output balance of the resistance
crossbar network, each layer of the network is composed
of two circuits (Fig. 5(a)), leading to the weight of the

FIGURE 5. Application of ferroelectric synapse in DNN calculation.
(a)Resistive crossbar array that can be used for DNN. (b)-(d) The accuracy
recovery effect of the improved circuit.

output:

output = input(
A+ R+ + B

) − (
A+ R− + B

) (11)

where input is the input voltage (V1,V2 · · ·Vm), output is the
output current(I1, I2 · · · In), R+ and R− are the two differential
circuits of the resistance crossbar array. The sum of all input
signals across all modes of a particular class is ensured to
zero, which speeds up the convergence process [30]. From
(6) and (10), two additional circuits, A and B, can be obtained
separately. Due to the array size is the same, this circuit can
be used together to correct the output current. In the DNN
calculations, different resistivities represent the weight of the
layer, and are passed to the next layer by way of current.
The test is performed on the MNIST data through the

DNN network [31]. This is a handwritten digit recognition
data set consisting of 60,000 training sets and 10,000 test
sets. Each data set is a 28×28 pixel image divided into
ten categories. In Fig. 5(b), ignoring the impact of the
interconnect resistance, recognition accuracy of 94.84% can
be obtained with 1 hidden layer (150 units). With the
interconnect resistance gradually increasing, the accuracy of
the calculation decreases rapidly. Using the improved circuit,
the accuracy of the calculation is maintained at a relatively
high reference value. Even if the relative resistance reaches
0.01%, the calculation accuracy has reached 91.34%, which
is much higher than the 45.89% accuracy by original cir-
cuits. It indicates that the proposed method can compensate
interconnect resistance effect and restore the accuracy to a
higher reference value.
The accuracy at different cycle numbers is shown in

Fig. 5(c). With the improved circuit, the accuracy is improved
by the same cycle number. Fig. 5(d) shows the accuracy at
different unit numbers in the neural network. In the original
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circuit, the accuracy slightly drops as the number increases
due to the influence of the interconnect resistance. For the
improved circuit, the accuracy increases with the increasing
unit number. When it comes to 1000, an accuracy as high
as 96.15% is obtained. Moreover, the impacts of device
variation on the accuracy should be considered when the
resistance distribution is larger than 5%.

V. CONCLUSION
In summary, a high-efficiency architecture is proposed in fer-
roelectric synapse crossbar arrays. By adjusting the duration
of voltage pulse in the HZO based device, stable multi-level
residual polarization states are achieved experimentally. At
circuit level, the compensation effect of the improved cir-
cuit is theoretically verified. By the DNN algorithm, the
calculation accuracy is restored to a higher reference value,
which can be further improved in a larger array. Our findings
provide possibilities for the development of neuromorphic
applications based on ferroelectric synaptic crossbar arrays.
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