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Abstract— Neuromorphic computing systems are under heavy
investigation as a potential substitute for the traditional von Neu-
mann systems in high-speed low-power applications. Recently,
memristor crossbar arrays were utilized in realizing spiking-
based neuromorphic system, where memristor conductance val-
ues correspond to synaptic weights. Most of these systems are
composed of a single crossbar layer, in which system training is
done off-chip, using computer based simulations, then the trained
weights are pre-programmed to the memristor crossbar array.
However, multi-layered, on-chip trained systems become crucial
for handling massive amount of data and to overcome the resis-
tance shift that occurs to memristors overtime. In this work, we
propose a spiking-based multi-layered neuromorphic computing
system capable of online training. The system performance is
evaluated using three different datasets showing improved results
versus previous work. In addition, studying the system accuracy
versus memristor resistance shift shows promising results.

I. INTRODUCTION

With rapidly growing of online data, there is an urging need

for new systems that can provide real-time data processing

with high power efficiency. Traditional von Neumann sys-

tems are not able to cope up with such demands due to the

well known “memory wall” phenomenon [1]. Neuromorphic

computing systems, instead, offer great potentials by mimick-

ing the working mechanism of human brains, where data are

stored and processed at the same location [2]. Many research

entities around the globe adopted those systems. For example,

the IBM TrueNorth system [3] implement artificial synapses

by using conventional CMOS circuitry [4, 5]. However, the

high implementation cost could be a great challenge for fur-

ther performance improvement and system scaling up.

Emerging memory devices [6], such as Resistive Random

Access Memories (ReRAM), or Memristors, can offer a solu-

tion to this problem. Given their low feature size and synaptic

like behavior [7,8], memristors have been heavily investigated

for possible usage in implementing large-scale neuromorphic

systems. The two-terminal device is used to construct crossbar

arrays, where memristor cells are located at each intersection

of vertical and horizontal metal wires. Such a layout is of close

resemblance to neural network models, in which the conduc-

tances of memristor cells correspond to the synaptic weights.

In addition, the conductance value can be programmed to dif-

ferent discrete levels (or even continuous levels) by adjust-

ing the amplitude (or pulse width) of the programming sig-

nal [9, 10].

Memristor crossbar arrays were used to implement matrix-

vector multiplication in the neuromorphic computation pro-

cess [11–13], in which voltage and currents values are used

to represent the actual input and output data. These systems

rely on Digital-to-Analog Converters (DACs) and Analog-to-

Digital Converters (ADCs) as communication blocks. Conse-

quently, further up scaling of these systems are hindered as

the design complexity, cost, and area will rapidly increase.

Alternatively, spiking-based neuromorphic systems were de-

veloped, where the inputs (outputs) take the form of voltage

(current) spikes [14–16]. Such systems utilize simple CMOS

circuitry to digitize the inputs and outputs to spikes, thus, of-

fering adequate performance without the need for complex and

expensive communication blocks.

The system in [15] is a single layer pattern recognition sys-

tem based on what is so called off-chip (sometimes called of-

fline or ex-situ) training. In this method, computer-based sim-

ulations are used to train the neural network and obtain the cor-

responding memristive weights. After that, those weights are

programmed to the memristor cells in the crossbar array. De-

spite showing good compromise between performance and low

hardware utilization, single-layered, off-chip trained systems

cannot cope up with the overwhelming increase in the amount

of data to be processed nowadays [12]. Moreover, the memris-

tors resistance values drift from the programmed value during

normal read operation, which requires regular weights updat-

ing for proper operation; a thing that off-chip training tech-

niques cannot provide. That is why on-chip (sometimes called

online or in-situ) training is widely adopted recently [12, 13],

where extra hardware is added to the chip to allow online train-

ing (using training techniques which will be discussed later in

Section III-A) and constantly allow memristive weights updat-

ing.

To overcome the previous problems, we propose a hybrid

spiking-based multi-layered self-learning neuromorphic sys-

tem. The proposed system performance were evaluated from

different aspects and following are the main contributions:

• Introducing a simple and effective method of implement-

ing backpropagation in hardware, which reduces the time

needed for circuit training into half compared to previ-

ously published work.

• Offering design methodology and in-depth study for

multi-layer spiking-based neuromorphic pattern recogni-

tion systems.

• Improving average failure error by 42% than previously

published work for three different datasets.

To the authors best knowledge, such a hybrid system has

never been proposed before.
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The rest of the paper will be organized as follows: Section II

introduces the basic building blocks of the system and the im-

plementation fundamentals. Section III explains the proposed

multi-layer system, the design considerations, and the simple

way of implementing back-propagation. Section IV evaluates

and discusses the use of our design in three different test cases.

At the end, Section V concludes the paper.

II. PRELIMINARY

A. Memristor Devices and Used Model

Memristors are nonlinear devices whose resistance values

change when the voltage across the device exceeds a certain

threshold [10]. Usually they are made of an oxide layer sand-

wiched between two conductive layers, where TiO2-x [17] and

a layer composed of HfOx and AlOx [10] being the most

promising oxides used. Since high energy efficient crossbar is

needed, devices with higher resistances range become a must.

The latter oxide shows a resistance ratio of (ROFF/RON≈1000)

and on-resistance (RON≈10KΩ ), which is adequate to be uti-

lized in our system. For crossbar arrays, each cell is composed

of a memristor and another device to enhance selectivity and

eliminate sneak path problem [18, 19]. Among the different

devices used as selectors [15, 20], the 1-Transistor 1-Resistor

(1T1R) structure has been proven to be more reliable and has

negligible effect on the overall conductance of the cell [15].

For this work, we are going to adopt the 1T1R structure.

The memristor resistance ranges from [50KΩ , 1MΩ ], which is

divided into 8 discrete levels [15]. Those are the only allowable

levels during training.

B. Neural Network Crossbar Arrays

Fig. 1 illustrates the resemblance between neural networks

and crossbar arrays, where a typical one layer neural net-

work can be implemented using memristor crossbar arrays and

CMOS circuity. The synaptic weights, wij, which connect the

inputs (blue circles) and output (gray circles) neurons in Fig.

1(a), are represented by the conductance, G, of the memristor

cells at each cross point of the array in Fig. 1(b). The output

neurons (and hidden neurons, if any) perform two functions (i)

they evaluate the weighted sum of the inputs, z j =
N

∑
i=1

xiwi j, and

(ii) they generate the output according to a nonlinear activation

function, y j = f (z j). The weighted summation function can

be implemented directly using the crossbar array as follows:

assuming that each vertical (bit) line is virtually connected to

ground (which can be done using the Integrate-and-Fire Circuit

(IFC) [15]), the inputs, x, are encoded into a series of voltage

pulses, V, and applied to the horizontal (word) lines. Those

pulses will be multiplied by the conductance, G, resulting in

current I = GV injected in each bit line. The second function

can be done using the IFC, which will be explained in Section

II-C.

Since the synaptic weights can be either positive or negative,

two memristors will be used to represent one synapse, where

Gij ≡ Gij
+- Gij

-. In such a scheme, each output neuron is rep-

resented by two columns, representing G+ and G-, and currents

(a)
(b)

Fig. 1. Neural network implementation using memristor crossbar arrays. (a)
shows a conventional diagram for 4×2 neural network while (b) shows the
crossbar implementation of that network.

from those columns are directed to IFC, where the correspond-

ing pulses are generated. Those pulses are then used to incre-

ment (in case of G+) or decrement (in case of G-) the value of

a counter which represent the final output of the neuron. In

addition, this exponentially expands the number of allowable

resistance levels to 57 levels instead of 8 only, which are all the

possible combinations 82 minus the number of repeated com-

binations of Gij = 0 (7 combinations).

The major advantage of the spiking based systems is that it

does not need expensive hardware, such as ADCs or summer

amplifiers, unlike the other level based systems [12, 13].

C. Integrate-and-Fire Circuit (IFC)

Fig. 2(a) shows the schematic of the IFC as proposed in [15].

This circuit generates number of voltage spikes at the output,

Vout, which is proportional to the magnitude of the input cur-

rent, Iin, that comes from the crossbar column j.
We characterize the IFC in the curves shown in Fig. 2(b).

The curves show nonlinear dependency on the input current,

Iin, with the ability of controlling the maximum number of

spikes, IFCmax, by adjusting the reference voltage, Vref [15].

We will make use of these two properties to represent the ac-

tivation function of hidden neurons and in designing the in-

termediate stages IFC, as will be further discussed in Section

III-B and IV-A.

III. DESIGN METHODOLOGY AND HARDWARE

IMPLEMENTATION

A. Proposed Training Scheme

Neural networks in general need to be trained to provide

proper functionality. The most used training scheme for multi-

layer neural networks is the back-propagation algorithm [21].

In the recent period, many variants of that algorithm have

been proposed and used in training memristor crossbar ar-

rays [13,22]. In this work, we will introduce, for the first time,

a modified training algorithm for hybrid spiking-based multi-

layered systems. This algorithm has reduced the time needed

for training by half compared to previously published work,

which shall be explained in Section III-B.

In order to apply the back-propagation algorithm, input has

to be fed forward through the whole network to calculate the
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(a)

×

(b)

Fig. 2. Integrate-and-Fire Circuit. (a) shows the circuit diagram of the IFC as
proposed in [15], while (b) shows our simulation for that circuit for the
number of spikes (y-axis) against current values (x-axis) for different Vref.

weighted sums and activations for all the hidden and output

neurons. Once that is done, weight update is calculated ac-

cording to the following formula [21]:

∇wi j = η ×δ j × xi, (1)

where η is the learning rate, xi is the ith output of the previous

layer neuron (input or hidden), and δ j is the jth error propa-

gated form the next layer (hidden or output) and is expressed

as [21]:

δ j =

⎧⎨
⎩

(t j − y j) f or the out put layer

f ′ (z j)
N

∑
k=1

wn
k jδ

n
k f or any hidden layer,

(2)

where t j (y j) is the jth desired (actual) output at the output layer,

f ′ is the derivative of the activation function of the hidden

layer, z j is the jth weighted sum, and the superscript n refers

to the next layer. So, it can be seen that weights updates are

obtained backwards starting from the output layer. Applying

the exact version of back-propagation algorithm requires very

expensive hardware, such as ADCs, DACs, lookup tables (to

calculate the activation function derivative) , buffers, and mul-

tipliers.

In this work, we propose a simpler, yet accurate enough, ver-

sion of back-propagation algorithm. For spiking systems, the

inputs to any layer are always positive and in form of spikes.

By using this property, we can, approximately, separate Eq.

(1) to magnitude and sign, where the sign is determined by

sgn(δ j) and the magnitude by η × xi. In that way, detect-

ing the sign information of δ j doesn’t require complex hard-

ware, which significantly simplifies the design of the training

circuits, as will be seen later. Algorithm 1 depicts the exact

steps of the proposed training scheme.

B. Hardware Implementation of Two Layers Crossbar Array

In this part, we will discuss the actual implementation of the

proposed algorithm in hardware. Shown in Fig. 3 is an exam-

ple of 4×3×2 neural network (lower left corner) and its mem-

ristor crossbar array implementation. All the corresponding el-

ements between the neural network diagram and the hardware

implementation are color matched.

1) The feed forwarding step for error vector calculation.
During the feed forward step of the proposed algorithm, all the

switches with ctrl 1 (ctrl 2) are closed (opened). A randomly

Algorithm 1 Proposed Training Algorithm

1: Randomly initialize memristor weights
2: while (E > Edesired) do
3: for (each x in the training set) do
4: Feed the input x forward through the whole network.
5: Calculate z j and y j for all hidden and output neurons.
6: Calculate the error for each output layer neuron j using:

δ j = sgn
(
t j − y j

)
7: Back propagate the above error for hidden layers neu-

rons.
8: Calculate the error for each hidden layer neuron j by using:

δ j = sgn

(
f ′
(
z j

) N

∑
k=1

wn
k jδ

n
k

)

9: Apply programming pulses to memristors, where the number of
pulses for the ith and jth memristor in each crossbar are determined
by η × xi, and the polarity by δ j .

10: end for
11: end while

chosen input x from the training dataset is then converted into

pulses and applied to the word lines of the first crossbar layer.

Positive and negative currents are then converted by IFC into

spikes and then applied to the up and down control signals of

the counter, respectively. We are making use of the nonlinear-

ity in the IFC characteristics and counter, whose lower limit

value is zero, to represent the nonlinear activation function of

the hidden neuron. The value stored in the counters are then

converted into pulses and applied to the word lines of the sec-

ond crossbar layer as well. After evaluating the output vector

y, the desired output vector t is compared with the y and the

sign of the error vector δ L2 is obtained. The superscript in the

error vector refers to the crossbar layer number.

2) The backpropagation step for crossbar weight updating.

According to (2), for any hidden layer, the summation part can

be thought of as the error vector δ L2 multiplied by the trans-

pose of the conductance matrix of the second crossbar layer

G
′
2. So δ L2 will be applied vertically, from the top, on the bit

lines and currents will be collected horizontally, on the left,

from word lines. Since the crossbar array is originally de-

signed with two memristors per synaptic weight and for feed

forward propagation, δ L2 has to be modified before applying

to the crossbar. The error mapping block generate two error

Fig. 3. Hardware implementation of a two layer memristor crossbar array. A
4×3×2 neural network diagram is shown in the lower left corner, and its
circuit implementation is shown in the rest of the figure.
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vectors, which will be applied sequentially to second crossbar.

Each one of those vectors is double the size of the original error

vector and mapping is done according to Table I. Each δ j can

take only three values: +1, 0, -1. Two vectors, and two corre-

sponding values per vector δ j+ and δ j−, are generated for each

value δ j. During the application of the two generated error

vectors, the switches with ctrl 2 (ctrl 1) are closed (opened).

The top row corresponding to each of the three values in Ta-

ble I is applied first and the switched marked as U (D) are

closed (opened), while the bottom row is applied second and

the switches marked as D (U) are closed (opened). After that,

the sign of the error vector δ L1 is obtained, which is merely the

MSB of the counter (for polarity) and a zero detector.

Each crossbar has its own weight updating block (training

circuits in Fig. 3). Each training block takes the correspond-

ing input vector x and the error vector δ , then, weight updat-

ing is done on two steps, as shown in Fig. 4. Assuming the

error vector, δ , and the amount by which each weight is up-

dated, η × x, as shown in the Fig. 4(b), the effective con-

ductance Gi1 (Gi2) needs to be increased (decreased). Since

Gij = Gij
+- Gij

-, the weight update is done deferentially with

more priority for the conductance to be increased. For exam-

ple, η × x1 = 3 which means both G11
+ and G12

- (G11
- and

G12
+) will increase (decrease) by 2 (1) levels. If any value in

the error vector (input vector) is zero, then the memristors in

the corresponding columns (row) are not updated. Fig. 4(b)

shows the required memristors to be increased or decreased.

Training is done in two steps: (i) weights to be increased, in

which positive programming pulses are applied to the cross-

bar and the corresponding columns are connected to ground

(Fig. 4(c)), and (ii) weights to be decreased, in which nega-

tive programming pulses are applied to the crossbar and the

(a) (b)

(c) Step 1: Weight Increase (d) Step 2: Weight Decrease

Fig. 4. Training the second crossbar in Fig. 1. (a) shows the legend for
different colors, while (b) depicts the assumed value for the error vector δ
and the input vector η × x. (c) and (d) show the only two required steps to
program the whole crossbar.

TABLE I
ERROR VECTOR MAPPING FOR DIFFERENT VALUES OF δ L2

j

δ L2
j δ L2

j+ δ L2
j− δ L2

j δ L2
j+ δ L2

j− δ L2
j δ L2

j+ δ L2
j−

+1
1 0

0
0 0

-1
0 1

0 1 0 0 1 0

corresponding columns are connected to ground (Fig. 4(d)).

To the authors best knowledge, no one has proposed a fast

training scheme like this before. The only ones which are near

to the proposed training scheme requires 4 steps to complete

training [13, 22]. Since the activation function used in [13, 22]

is a tanh function, the input x of the hidden neurons could be

negative or positive; thus, increasing the different combination

required for training into 4 instead of 2 as proposed here.

IV. SYSTEM EVALUATION

Three different datasets were used to evaluate the proposed

training scheme. The first Digits dataset is simple binary fig-

ures corresponding to digits 0-5 from [15]. Training and test-

ing ensembles were generated from the basic figures by ran-

domly injecting errors in them [15]. The other two datasets are

Cancer1 and Thyroid1 from the Proben1 database [23]. All the

datasets were implemented using a two-layers spiking-based

system and weights were updated according to the proposed

algorithm in Section III. Table II summarizes the properties

of the three datasets and the corresponding crossbar network

configurations. For the Digits and Cancer1 datasets, inputs

are binary and 10 discrete levels, respectively, while inputs are

analog for the Thyroid1 dataset. In order to represent the in-

puts by spikes, each input of the Thyroid1 dataset is mapped

between 0 ~ 1, then discretized into 10 levels, where each level

corresponds to one spike.

In the following subsections, we will evaluate how much im-

provement did each of the three part of the proposed systems

achieve, namely, extending the system to two-layers, control-

ling IFCmax, and finally online training.

A. Ideal System Performance

Fig. 5(a) shows the performance of the three networks with

respect to average failure error. For each system, a compari-

son is made among that proposed system, a one-layer spiking-

based system, and a conventional two-layers neural network

system. All simulations were done using MATLAB with the

overall failure error averaged over 100 runs. As you can see,

the two-layers system has adequately improved the overall fail-

ure error by 42% (on average) than the one-layer system and

still within a reasonable fall behind range of the conventional

neural network system.

The average number of epochs, averaged over 100 runs, to

achieve this accuracy is shown inside the bar for each system.

Each epoch represents one iteration of the while loop in 1. As

shown, the epochs needed by the two-layers system to con-

verge are more than those needed by the one-layer system.

This is something expected since we are updating two cross-

bars instead of one.
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(a)

IFC
max

(b)
Fig. 5. Ideal system evaluation for the architecture shown in Fig. 3. (a) shows
a comparison between average failure error for conventional two-layers
neural network (blue), two-layers spiking-based system (green), and
one-layer spiking-based system (yellow). Results are shown for three
datasets, namely Digits [15], Cancer1, and Thyroid1 [23], and (b) shows the
average failure error for Digits (red), Cancer1 (blue), and Thyroid1 (black)
versus IFCmax of the intermediate stages IFC.

As aforementioned in Section II-C that controlling IFCmax

is very crucial for intermediate stages IFC, we further inves-

tigate the effect of IFCmax on the system performance. The

two-layers spiking-based systems were evaluated for different

value of IFCmax, as shown in Fig. 5(b). All simulations fol-

low the same rules depicted before. It can be easily deduced

that the performance of Digits system doesn’t really change for

different IFCmax. On the other hand, the performance of Can-

cer1 and Thyroid1 systems dramatically depend on the IFCmax

value. Such a behavior can be explained as follows: for the

Digits system, the input resolution is binary, so it does not need

intermediate stages IFC with high resolution. On the contrary,

Both Cancer1 and Thyroid1 have higher input resolution (10

levels per input) which definitely needs high resolution for the

intermediate stages IFC.

We couldn’t increase IFCmax beyond 70 as the simulation

time increases dramatically. It is worth mentioning that in-

creasing IFCmax for intermediate stages IFC requires bigger

counters, so the overall system area and power increase, es-

pecially for bigger crossbar arrays. Moreover, the hardware

implementation of the system gets slower, as more spikes per

input have to be applied sequentially for the second crossbar.

TABLE II
PROPERTIES OF THE USED DATASETS AND THEIR CORRESPONDING

CROSSBAR SYSTEMS.

Dataset
Network
Size

Training
Set Size

Testing
Set Size

Digits [15] 32×10×6 600 200

Cancer1 [23] 9×10×2 594 105

Thyroid1 [23] 21×15×3 6120 1080

B. Memristor Process Variations

For better and more realistic system evaluation, we are go-

ing to take into consideration memristor process variations.

It is widely known that there is a deviation between the pro-

grammed and the desired memristor resistance due to process

variations, in which most of those variations follow Gaussian

distribution [24]. Those variations can dramatically degrade

the system performance, especially for offline trained systems.

Online training helps to significantly decrease the effect of pro-

cess variations by constantly updating memristor weights on

the fly. For our evaluation, we will assume that the memristor

resistance is: Rp = Rdesired +∇R, (3)

where Rp is the final programmed resistance, Rd is the desired

resistance value, and ∇R ∼ N (0,σ) is a random variable that

follows a Gaussian distribution of mean value 0 and standard

deviation σ . The simulation results for the two-layered spike-

based systems using online (solid lines) and offline (dashed

lines), are shown in Fig. 6(a). The average failure error, av-

eraged over 100 runs, is plotted against the standard devia-

tion σ , whose maximum value is restricted to 5% which is

widely accepted [24]. For offline training, MATLAB was used

to train each memristor resistance value only from the pool of

allowable resistance states. Process variation modeling is ap-

plied when the trained resistance values are programmed to the

memristor. On the other hand, online training takes into con-

sideration process variation during each epoch of training. As

shown in Fig. 6(a), online training has significantly improved

the average failure error, where improvements at the worst pro-

cess variation (σ = 5) are 21.97%, 17.95%, 16.18% for Thy-

roid1, Cancer1, and Binary Digits datasets, respectively. As

the figure depicts, the rate of improvements increases as the

process variations gets worse and is note the same for the three

datasets. The latter can be explained as the sensitivity for pro-

cess variations increase as the network size and input feature

details increase.

The number of epochs, averaged over 100 runs, needed for

training the online system versus σ is shown in Fig. 6. It can

be concluded from this figure that the rate of increase of the

number of epochs is not constant, and changes, approximately,

exponentially according to the complexity of the used dataset.

This explains why the number of epochs needed for Cancer1
for σ = 1 and 2 is lower than the rest of the values.

V. CONCLUSIONS

In this work, we demonstrated a hybrid spiking-based multi-

layered self-learning neuromorphic computing system. We
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(a)

σ

(b)
Fig. 6. System evaluation, after taking into account process variations, for the
architecture shown in Fig. 3. (a) shows a comparison between average failure
error for the two-layers spiking-based system, using online (solid) and offline
(dashed) training, versus standard deviation σ for Thyroid1 (blue), Cancer1
(red), and Binary Digits (black). (b) shows the average number of epochs for
online trained systems versus standard deviation σ for the same datasets.

also proposed a simple and effective online training algo-

rithm for spiking systems, which reduces the required steps

for weights updating into half of the previously published

training algorithms. System evaluation, using three differ-

ent datasets, showed overall performance improvement of

42% was achieved. Moreover, the online training algorithm

shows adequate immunity against memristor process varia-

tions. Since the results shown here are promising, potential

future work will be investigating the effect of increasing the

crossbar size and the number of layers on the overall system

performance.
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