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Training and operation of an integrated neuromorphic
network based on metal-oxide memristors
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Despite much progress in semiconductor integrated circuit techno-
logy, the extreme complexity of the human cerebral cortex1, with its
approximately 1014 synapses, makes the hardware implementation
of neuromorphic networks with a comparable number of devices
exceptionally challenging. To provide comparable complexity while
operating much faster and with manageable power dissipation,
networks2 based on circuits3,4 combining complementary metal-
oxide-semiconductors (CMOSs) and adjustable two-terminal res-
istive devices (memristors) have been developed. In such circuits,
the usual CMOS stack is augmented with one3 or several4 crossbar
layers, with memristors at each crosspoint. There have recently been
notable improvements in the fabrication of such memristive cross-
bars and their integration with CMOS circuits5–12, including first
demonstrations5,6,12 of their vertical integration. Separately, dis-
crete memristors have been used as artificial synapses in neuro-
morphic networks13–18. Very recently, such experiments have been
extended19 to crossbar arrays of phase-change memristive devices.
The adjustment of such devices, however, requires an additional
transistor at each crosspoint, and hence these devices are much
harder to scale than metal-oxide memristors11,20,21, whose nonlinear
current–voltage curves enable transistor-free operation. Here we
report the experimental implementation of transistor-free metal-
oxide memristor crossbars, with device variability sufficiently low
to allow operation of integrated neural networks, in a simple net-
work: a single-layer perceptron (an algorithm for linear classifica-
tion). The network can be taught in situ using a coarse-grain variety
of the delta rule algorithm22 to perform the perfect classification
of 3 3 3-pixel black/white images into three classes (representing
letters). This demonstration is an important step towards much
larger and more complex memristive neuromorphic networks.

In a hybrid CMOS/memristor circuit, the CMOS subsystem con-
tacts each wire, and hence can address each memristor on the add-on
crossbar(s), using a specific ‘CMOL’ area-distributed interface3,4. The
basic idea of hybrid neuromorphic networks—so-called CrossNets2—
is to use this opportunity to connect CMOS-implemented hardware
models of neuron bodies with the memristive crossbar(s), whose wires
play the parts of axons and dendrites and whose memristors mimic
biological synapses. The simple, two-terminal, transistor-free topology
of metal-oxide memristors may enable CrossNets to achieve extremely
high density—much higher than that of pure-CMOS neuromorphic
networks (including those based on CMOS-modelled memristors23

,

floating-gate24 and ferroelectric25 memory cells), and even higher than
that of their biological prototypes. For example, a CrossNet based on a
hybrid CMOS/memristor circuit with five layers of 30-nm-pitch cross-
bars, two memristors per synapse, and 104 synapses per neural cell
would have an areal density of about 25 million cells per square cen-
timetre, that is, higher than that in the human cerebral cortex, at com-
parable average connectivity1. Estimates show that such CrossNets may
also provide comparable power efficiency, at a much higher operation
speed—for example, an intercell signal transfer delay of about 0.02 ms

(compared to about 10 ms in biological systems) at an easily manage-
able energy dissipation rate of about 1 W cm22.

However, the practical implementation of such networks is still very
challenging, owing to the specific physical mechanism of resistance
change in most prospective metal-oxide-based memristors—a
reversible modulation of the concentration profile of oxygen
vacancies11,20,21. On the positive side, the atomic scale of the vacancy
position modulation implies the possibility of memristor scaling down
to few-nanometre dimensions, which has been confirmed by recent
experiments26,27. On the negative side, such a small scale makes the
device-to-device reproducibility of device parameters, most impor-
tantly the voltage required for memristor electroforming and
switching20,21, difficult to achieve with the currently used fabrication
technologies. Device variability is the main reason why the only
(to our knowledge) demonstrations of memristive neuromorphic
networks were based on disconnecting each memristor from the
crossbar for individual forming, using either a crossbar with external
(off-chip) wires18, or an individual switch transistor at each cross-
point19. Both these approaches are incompatible with the goal of
reaching the extremely high density of neuromorphic networks dis-
cussed above.

The main goal of this work was an experimental demonstration of a
fully operational neural network based on an integrated, transistor-
free crossbar with metal-oxide memristors. To reach this goal, a large
reduction of memristor variability was essential, and to achieve it, we
used binary-oxide Al2O3/TiO2 2 x stacks (see inset to Fig. 1b). Their
fabrication procedure was generally close to that described in ref. 27,
but with the important difference of using low-temperature (,300 uC)
reactive sputtering for film deposition, which enables monolithic
three-dimensional integration. The stack was first optimized by con-
ducting an exhaustive experimental search over a range of titanium
dioxide compositions and layer thicknesses (from 5 nm to 100 nm) to
find the parameter range providing the lowest forming voltages.
Within that range, the device performance—most importantly the
memristor uniformity and the current–voltage curve nonlinearity—
was further optimized by varying the aluminium oxide thickness from
1 nm to 5 nm (Supplementary Information Section 1).

The main feature of such optimized junctions is their low variability
(Supplementary Figs 3 and 4). In addition, other important character-
istics of the 200 nm 3 200 nm formed devices are also desirable: the
ON/OFF current ratios of above four orders of magnitude (at 60.1 V),
high nonlinearity of the current–voltage curves (with the current at the
switching voltage more than ten times the current at half of the switch-
ing voltage), a switching endurance of at least 5,000 cycles, an esti-
mated memory retention of at least ten years at room temperature,
low forming (,2 V) and switching (,1.5 V) voltages, and relati-
vely low operation currents of between ,100 nA and ,100 mA (see
Supplementary Fig. 1).

The optimized technology was then used to fabricate an integrated
memristive crossbar with 12 3 12 devices (Fig. 1), with a few process
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modifications to increase the metal electrode thickness, so that the line
resistances were reduced to about 800 V for the top layer of the cross-
bar and 600V for its bottom layer. The crossbars retained the excellent
uniformity of virgin (pre-formed) crossbar-integrated devices (see
Supplementary Figs 3, 4 and 5), allowing individual electric forming
and tuning of each memristor. The electroforming was performed by
grounding the corresponding bottom electrode and applying a cur-
rent-controlled ramp-up to the top electrode, while leaving all other
line potentials floating (Supplementary Fig. 4). To minimize current
leakage during the subsequent forming of other devices, each formed
memristor was immediately switched into its low-current (OFF) state.
The measured individual characteristics of the formed memristors
were mostly similar to those of stand-alone devices, except for a some-
what smaller ( 100) ON/OFF current ratio. This difference may be
partly explained by current leakage through other crosspoints at the
measurements, and partly by the somewhat smaller switching voltages
used for the crossbar to lower the risk of device damage. In addition,
some deviations from the optimal device performance could be
caused by the electron-beam evaporation of thicker electrodes, which
required breaking of the vacuum, as opposed to the fully in situ sput-
tering of single device layers, and their subsequent annealing (see
Supplementary Information).

The fabricated memristive crossbar was used to implement a simple
artificial neural network with the top-level (functional) scheme shown
in Fig. 2. This is a single-layer perceptron22 with ten inputs and three
outputs, fully connected with 10 3 3 5 30 synaptic weights (Fig. 2b).

As the scheme shows, the perceptron’s outputs fi (with i 5 1, 2, 3) are
calculated as nonlinear ‘activation’ functions:

fi~ tanh bIið Þ ð1Þ
of the vector-by-matrix product components:

Ii~
X10

j~1

WijVj ð2Þ

Here Vj with j 5 1,…,9 are the input signals, V10 is a constant bias, b
is a parameter controlling the function’s nonlinearity, and Wij are
adjustable (trainable) synaptic weights. Such a network is sufficient
for performing, for example, the classification of 3 3 3-pixel black-
and-white images into three classes, with nine network inputs
(V1,…,V9) corresponding to the pixel values. We tested the network
on a set of N 5 30 patterns, including three stylized letters (‘z’, ‘v’
and ‘n’) and three sets of nine noisy versions of each letter, formed
by flipping one of the pixels of the original image (see Fig. 2c).
Because of the very limited size of the set, it was used for both training
and testing.

Physically, each input signal was represented by a voltage Vj equal to
either 10.1 V or 20.1 V, corresponding, respectively, to the black or
white pixel, while the bias input V10 was equal to 20.1 V. Such coding
makes the benchmark input set balanced, in particular ensuring that
the sum of all input signals across all patterns of a particular class
is close to zero, which speeds up the convergence process28. To
sustain this balance at the network’s output as well, each synapse
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Figure 1 | Memristor crossbar. a, Integrated 12 3 12 crossbar with an Al2O3/
TiO2 2 x memristor at each crosspoint. b, A typical current–voltage curve of a
formed memristor. c, Absolute values of conductance change under the effect of

500-ms voltage pulses of two polarities, as a function of the initial conductance,
for various pulse amplitudes. The inset in b shows the device cross-section
schematically.

d

c

Bias

Input
neurons

Output neurons
a

V
1

V
4

V
7

V
2

V
5

V
8

V
3

V
6

V
9

V
10 V

10

Vj(n)

V
2

V
1

W
1,1 I

1

I
2

I
3

f
1

f
2

f
3

W
3,10

Weights

Σ

Σ

z

n

v

Ideal With one flipped pixel

b

Σ

Calculate

Δij
Eq. (4)

Set
n = 1
Δij = 0

Desired class fi
(g)(n)

Last
pattern?

No

Yes

n = n +1 

Calculate
fi(n)

Eq. (1)

Calculate
Ii(n)

Eq. (2)

Next epoch

End of
epoch

Update
weights
Eq. (5)

3 × 3 binary
image 

Training set: 

initialize Wij

{Vj(n), fi
(g)(n)}n = 1

N
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was implemented with two memristors, so that the total number of
memristors in the crossbar was 30 3 2 5 60. Using external electronics
to enforce the virtual ground conditions on each column line, and to
subtract currents flowing in the adjacent columns to form a differential
output signal Ii, we ensured that Ohm’s law applied to each column
of the crossbar gave a result identical to equation (2), with differen-
tial weights:

Wij~Gz
ij {G{

ij ð3Þ

where G+
ij is the effective conductance of each memristor, namely the

I/V ratio at voltage 0.1 V. For our devices, these effective conductances
were in the range 10–100 mS, so that currents Ii were of the order of a
few microamperes. Activation functions—see equation (1)—were
also implemented, using external electronics, with the slope b 5 2 3

105 A21 chosen according to the recommendation in ref. 28, con-
firmed by our own computer simulations (Supplementary Fig. 10).

The network was trained in situ, that is, without using its external
computer model, using the Manhattan update rule29, which is essen-
tially a coarse-grain, batch-mode variation of the usual delta rule of
supervised training22. At each iteration (‘epoch’) of this procedure,
sketched in Fig. 2d, patterns from the training set were applied,
one by one, to the network’s input, and its outputs fi(n), where n is

the pattern number, were used to calculate the delta-rule weight
increments:

Dij nð Þ~di nð ÞVj nð Þ
with

di nð Þ~ f (g)
i nð Þ{fi nð Þ
h i df

dI

����I~Ii(n) ð4Þ

Here f gð Þ
i nð Þ is the target value of the ith output for the nth input

pattern. (In our system these values were chosen to be 10.85 for the
output corresponding to the correct pattern class, and 20.85 for the
output corresponding to the wrong class.) Once all N patterns of the
training set had been applied, and all Dij(n) calculated, the synaptic
weights were modified using the following Manhattan update rule:

DWij~g sgn
XN

n~1

Dij nð Þ ð5Þ

where g is a constant that scales the training rate. (The only difference
between the Manhattan update rule from the batch-mode delta rule is
the binary quantization, expressed in equation (5) by the ‘sgn’ func-
tion, which simplifies the hardware implementation of the delta rule.
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Figure 4 | Pattern classification experiment: results. a, Convergence of
network outputs, during the training process, to the perfect value (zero), for six
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corresponding to the correct class of the applied pattern was larger than all
other outputs. Such perfect classification was achieved, on average, after 23
epochs, with the standard deviation of ten epochs. The training illustrated by
b was continued even after the perfect classification had been achieved on
epoch 21, to verify that the difference between the output signals continued to
increase (unlike the ‘perceptron rule’ training used in ref. 18).
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Physically, in our system the weights were modified in parallel for
each column of the crossbar (corresponding to a certain value of index
i in the above formulas), using two sequential voltage pulses. Namely,
first a ‘set’ pulse with amplitude VW

1 5 1.3 V was applied to increase
the conductances of the synapses whose DG values, calculated from
equation (5), were positive; then a ‘reset’ pulse VW

2 5 21.3 V was
applied to the remaining synapses of that column (see Fig. 3c). This
fixed-amplitude pulse procedure followed the Manhattan update rule
only approximately, because the actual training rate DG depends on
the initial conductance G of the memristor (see Fig. 1c and
Supplementary Fig. 6). (For G 5 20 mS, DG was close to 160 mS for
the set pulse and 25 mS for the reset pulse, while for G 5 65 mS, the
changes were close, respectively, to 124 mS and 255 mS.) Owing to the
specific (though quite representative11) switching dynamics of our
devices, the best classification performance was achieved when the
memristors had been initialized somewhere in the middle of their
conductance range, around 35 mS (Supplementary Fig. 7b). At such
initialization, the perfect classification was reached, on average, after
23 training epochs (see Fig. 4).

In summary, here we have experimentally demonstrated an artificial
neural network using memristors integrated into a dense, transistor-
free crossbar circuit. This crossbar performed, on the physical (Ohm’s
law) level, the analogue vector-by-matrix multiplication of equations
(2) and (3), which is by far the most computationally intensive part of
the operation of any neuromorphic network used repeatedly in the
same environment. The other operations, described by equations (1),
(4) and (5), were performed by external electronics, but they are much
less critical for network performance, and in future, larger CrossNets
may be (at least partly) assisted by CMOS subsystems. This is an
important step towards the effective analogue-hardware implementa-
tion of much more complex neuromorphic networks, from multilayer-
perceptron classifiers with deep learning30 to elaborate CrossNet-based
cognitive systems. Recent experiments27 with similar but smaller (dis-
crete) devices imply that such circuits may be scaled down to devices of
30 nm across or less, that is, to networks with a density of approxi-
mately 1010 synapses per square centimetre in each crossbar layer.
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