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ABSTRACT

Winner-takes-all (WTA), an important mechanism in neural networks of recurrently connected neurons, is a critical element of many
models of cortical processing. However, few WTA neural networks have been realized physically, especially by memristor networks. In this
work, we have designed and implemented a neural network with memristor-based synapses to realize the WTA in a neural system. Neuronal
self-excitatory, excitatory, and inhibition by other neurons have been demonstrated. Competitions between two neurons, among three
neurons, and between two groups of neurons are realized based on the memristive neural network. The winner neuron or winner group can
suppress the other neuron(s) or other group(s) of neurons and dominate the neuronal firing. This work paves the way for further realization
of complex models of cortical processing with memristive neural networks.

Published under license by AIP Publishing. https://doi.org/10.1063/1.5120973

Neuromorphic engineering is an interdisciplinary discipline that
takes inspiration from physics, biology, computer science, and mathe-
matics to build an artificial neural network. The physical architecture
of an artificial neural system is often analogous to that of biological
nervous systems. Artificial neural networks (ANNs) implemented
with traditional complementary metal-oxide-semiconductor (CMOS)
integrated circuits (ICs), which provide a certain level of intelligence,
have been reported.1–4 However, constructing CMOS circuits as the
synapses and neurons is at the expensive costs of large chip area and
power consumption.5 A critical issue in constructing a large scale arti-
ficial neural network is to look for a suitable device structure that can
be used to build neurons and synapses. CMOS circuits have been
employed to mimic the synaptic dynamics, but three terminal devices
bear limited resemblance to the biocounterparts. A memristor, which
was first reported in 2008,6 was used for training and operation of an
integrated neuromorphic network.7 By using a memristor, the com-
plexity and power consumption of artificial neural networks can be
remarkably decreased; at the same time, it is a two-terminal device,
resembling the membrane structures in neurons and synapses of
biological neural systems.8–10

There have been many research works on realization of artificial
neurons and synapses for artificial neural networks. Here are some

examples. Teresa et al. exploited AER (Address Event Representation)
technology and crossbar synapses based on memristors to realize a
vision sensoring and processing system.11 Tuma et al.12 proposed an
artificial neuron that used a phase-change memristor (PCM) to realize
an integrate-and-fire functionality with stochastic dynamics. Cruz-
Albrecht et al.13 presented ultralow power neurons and synapses by
using device subthreshold regime properties. Hu et al.14 proposed a
Hopfield network using HfO2 memristors and peripheral devices to
realize the associative memory that is capable of retrieving a piece
of data upon presentation of partial information from that piece
of data. In our previous works, we reported the memristive BP
(Back-propagation) neural network to predict house price in
American towns15 and memristive neurons to realize convolutional
neural networks (CNNs).16

The winner-takes-all (WTA) mechanism in neural networks of
recurrently connected neurons is a critical element of many models
of cortical processing. Oster et al.17 utilized a simplified Markov model
of the spiking network to examine analytically the ability of a spike-
based WTA network to discriminate the statistics of inputs ranging
from stationary regular to nonstationary Poisson events. Yu et al.18

realized emergent inference by the hidden Markov model in Spiking
Neural Networks (SNNs) through WTA. However, few of the
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researchers have physically built a network to realize WTA in SNN;19

in particular, few research has been done on the realization of WTA
with memristive neural networks.

In this work, we have constructed a spiking neural network using
HfO2 memristors to realize WTA functionality. Several WTA compe-
tition modes have been examined experimentally. The neurons in the
network can inhibit each other, i.e., when one neuron wins competi-
tion, the other neurons are suppressed. In group competition, neurons
excite each other in the same group, but they inhibit the neurons in
other groups. Eventually, one group wins, while the other groups are
suppressed. This study provides a method to realize the WTA network
by using memristor-based synapses, which can be applied in more
complex models of cortical processing. Figure S1 shows the photo-
graph of the overall system.

The detailed memristor device structure and performance used
in this work were reported in our previous work.14 In this work, the
Leaky-integrate-fire (LIF) model20 is adopted for the artificial neurons.
The equation of the LIF model is expressed as follows:

Cmem
dvðtÞ
dt
¼ � vðtÞ

R
þ iin t 2 t 6¼ tf þ tpjtf 2 tðf Þ

n o
vðtf þ tpÞ ¼ 0 tf 2 tðf Þ

tðf Þ ¼ ftjvðtÞ ¼ vth; lim
Dt!0þ

vðt þ DtÞ > vthg

vspikeðtÞ ¼
vh when vðtÞ � vth
vl otherwise

;

(
(1)

where t is the time; tf and tp are the time when the neuron fires a spike
and pulse width of the neuron spike, respectively; v(t) is the membrane
potential; vspikeðtÞ is the neuron spike voltage; Cmem is the capacitance
of the membrane capacitor; R is the resistance of the leaky resistor; vth
is the threshold voltage; iin is the input current; and vh and vl are the
high level and low level of the neuron spike, respectively. In the LIF
model, the differential equation in (1) describes the relationship
between membrane voltage and time during the integration process
and the neuron firing process. When v(t) approaches vth, it costs
tp(time) setting v(t) back to zero. tðf Þ is a set of time of the positive
edge of spikes. vspike only depends on membrane voltage v(t). When
vðtÞ > vth, vspike outputs vh; otherwise, vspike outputs vl.

Figure 1(a) shows the circuit schematic of a neuron based on the
LIF model. When the input current is more than leaky current, its
membrane potential increases. When the neuron’s potential is above
the threshold, the neuron fires a spike. At that time, the neuron’s
potential returns to its resting potential. The characteristics of the
neuron under current input are shown in Fig. 1(b). With the increase
in the input current, the firing frequency of neurons increases.
Figure 1(c) shows the time domain neuronal membrane voltage.
When the membrane voltage is above the threshold voltage, the
neuron fires a spike.

A memristor-based synapse is designed in this work as shown in
Fig. 2(a). The synaptic weight is proportional to the conductance and
is stored in the memristor. In our model, the presynaptic current is
proportional to the weight and the integration of the neuron spike. In
the synapse, a linear transconductance amplifier, containing an opera-
tional amplifier and an MOSFET, converts a spike voltage to a spike
current, and then, a capacitor integrates the current. The conductance
of the memristor determines the transconductance of the amplifier,

and thus, the memristor reflects the synaptic weight. The output of
neurons is connected to postsynapses with synaptic weight wij, and the
output of synapses is fed back to the input of neurons by wji. The
switches are controlled by external signals to obtain positive or nega-
tive synaptic weights. The ANN consists of a set of interconnected
artificial neurons and synapses. Figure 2(a) shows the circuit schematic
of a synapse based on the memristor. Figure 2(b) presents the input
spikes from the preneuron. Figure 2(c) shows the voltage on the syn-
aptic capacitor, indicating the membrane potential change. Figure 2(d)

FIG. 1. (a) Circuit schematic of the electronic neuron based on the LIF model, (b)
neuron firing rate as a function of input current, and (c) neuronal membrane voltage
as a function of time.

FIG. 2. (a) Circuit schematic of a synapse based on the memristor, (b) the input
spikes from the preneuron, (c) the voltage waveforms of the synaptic capacitor, (d)
voltage waveforms on the left side of the memristor, indicating the state of the mem-
ristor, and (e) the output current of the synapse when the synapse excites.
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shows the voltage waveforms on the left side of the memristor,
indicating the state of the memristor. Figure 2(e) shows the output
current of the synapse when the synapse excites.

The competition between neuron N1 and neuron N2 is illustrated
in Fig. 3. The configuration is shown in Fig. 3(a). Sij means the syn-
apse, while wij means the magnitude of weight for the synapse. It
should be noted that the synapse from Neuron Ni to Neuron Nj is
named as Sij and the weight of Sij is named as wij. As shown in Fig.
3(a), Neuron N1 is excited itself by Synapse S11 whose weight is w11,
while it inhibits neuron N2 by Synapse S12 whose weight is w12 at the
same time. The operation of neuron N2 is similar to that of N1. To
ensure the fairness of competition, w11 was programmed equal to w22.
w12 was programmed to a value smaller than w21. Then, we can
observe N2 wins as shown in Fig. 3. To achieve its target weight, the
conductance of a relevant memristor is adjusted by applying step-like
voltage pulses with appropriate voltage magnitude, pulse width, and
pulse number to the memristor. As shown in Fig. 3(b), the firing rate
and magnitude of N1 start to decrease at �0:02s and keep decreasing
gradually. After �0:05s, N1 stops firing spikes, indicating that it loses
in the competition. In contrast, as can be observed in Fig. 3(c), the
firing rate and magnitude of N2 remain unchanged, i.e., N2 remains in
its initial state. It is obvious that N2 wins the competition.

Multineuron competition has also been examined. Figure 4
shows the competition of three neurons. The configuration is shown
in Fig. 4(a). In this configuration, a WTA neural network is con-
structed with three neurons and nine synapses. Each neuron has four
inputs, including the fixed initial synaptic current, excitatory current
from the neuron itself, and inhibitory current from other neurons.

The self-excitatory weights wii are set as close as possible to ensure
fairness in the competition. The competition result is shown in
Figs. 4(b)–4(d). As can be observed, the firing rate of N2 and N3

decreases gradually, while N1 keeps firing. This means that eventually
N1 wins the competition.

Figure 5 shows the competition between two groups of neurons.
Group 1 (G1) consists of neurons N1 and N2, while group 2 (G2) con-
sists of neurons N3 and N4. Neurons in the same group excite each
other. On the other hand, Neuron N2 inhibits G2 via N3 and N4 inhib-
its G1 via N1. In the initial stage with the same applied initial current,
the two groups maintain their firing rates and magnitudes. After
removing the initial currents, the two groups begin to compete. N1

competes with G2 directly and stops firing earlier, while N2 is inhibited
indirectly and stops firing after a longer time, as shown in Figs. 5(b)
and 5(c). During the competition, the firing rate of neurons in Group
G1 decreases gradually, while the firing rate of neurons in G2 increases
gradually. Eventually, the neurons in G1 stop firing, while the neurons
in G2 keep firing.

The videos for two-neuron competition, three-neuron competi-
tion, and group competition can be found in the supplementary
material. By setting the weights, we can select the winner/winner
group. If equal weights are set for all neurons/neuron groups, the win-
ner may be randomly determined by the noise during the competition

FIG. 3. (a) Schematic illustration of competition between two neurons; (b) firing
characteristics of N1; and (c) firing characteristics of N2. Detailed circuits are
presented in Fig. S2.

FIG. 4. (a) Schematic illustration of competition among three neurons (N1, N2, and
N3) and (b)–(d) waveforms of N1, N2, and N3. Detailed circuits are presented in
Fig. S3. Weights for w21, w31, and w32 are very close to zero.
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process. A larger and extendable network can be designed based on
this work. As shown in Fig. S5(a), a larger and extendable network can
be realized based on our design. Figure S5(b) shows an example of
WTA in a ten-neuron network based on the extendable memristive
network. Neuron N8 wins the competition among the 10 neurons. As
shown in Fig. S6(c), the WTA network has a reasonably high tolerance
against the variation of resistance of the memristors. As can be
observed from the figure, even when the memresistance changes by up
to �70%, the WTA outcome still does not change. This means that
the network is quite robust.

In this paper, a memristor-based WTA neural network is
reported. Two-neuron competition, three-neuron competition, and
group competition have been demonstrated with the proposed mem-
ristive neural network. The study paves the way for emulating more
functions of biological neural systems using memristive artificial neu-
ral networks.

See the supplementary material for photographs of the
memristor-based WTA system, circuit schematics for various types of
WTA competitions, illustration of an extendable WTA network, and
the firing rate of neuron as a function of variation of resistance. Videos
for various competitions are also provided.

This work was supported by NSFC under Project Nos.
61774028 and 61771097 and the Fundamental Research Funds for
the Central Universities under Project No. ZYGX2016Z007.
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