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Abstract: Memristor crossbar array that has a lot of advantageous 
features such as non-volatile, high-density, and low-power, is 
potentially used for realizing artificial neural networks. One of the 
important factors affecting the performance of crossbar circuits is 
memristance variation. The variation of memristance causes the 
variation of synaptic weights resulting in the degradation of the 
performance of the neural networks. In this paper, the 
variation-tolerance of memristor synapse is improved by 
minimized the gradient of the synaptic weight function. To reduce 
the gradient of synaptic weight function, the memristance values 
of memristors must be close to the high resistance state. This can 
be achieved by selecting the value of bias resistance because 
memristance values of memristors in crossbar-based neural 
network are distributed around the bias resistance value. In the 
simulation result, we measure the recognition of crossbar circuit 
for recognizing the MNIST handwritten digits with the variation 
is in range of 0% to 10% and the value of bias resistance varies 
from 30KΩ to 80KΩ. For the bias resistance is as low as 30KΩ, 

the recognition rate of the crossbar circuit is as low as 17%, when 
the variation is 10%. When the bias resistance is 80KΩ, the 

recognition is 70%, when the variation is 10%. When the range of 
memristance is close to the high resistance state, the recognition 
rate is improved by 53% when the variation is 10%. 

Keywords: Memristor, memristive synapse, variation-tolerance, 
neural network. 

I. INTRODUCTION 

Artificial neural network is a multidisciplinary field that is 
inspired by the perception mechanism of human brain for a 
variety of applications. Artificial neural networks are 
predominantly realized by software since they are based on 
several complicated algorithms. However, the artificial neural 
network requires a large power consumption and high 
resource for the huge number of computational tasks such as 
addition and multiplication. Hardware realization of artificial 
neural networks is an alternative approach to accelerate the 
performance of the artificial neural networks. VLSI 
(Very-Large Scale Integration) implementations of artificial 
neural networks have gained more advantage in the past two 
decades [1]-[4].  However, the multiplication and addition are 
costly to implement in hardware [1]. Furthermore, the VLSI 
technology which is predominantly based on the CMOS 
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(Complementary-Metal-Oxide Semiconductor) is 
approaching the end of their capabilities because scaling 
CMOS down faces several fundamental limiting factors 
stemming from electron thermal energy and 
quantum-mechanical tunneling [5],[6]. The nano-scale 
memristor has been considered as a potential device for 
realizing artificial neural networks. Memristor was 
mathematically postulated by Leon O. Chua in 1971 and 
experimentally demonstrated by HP Lab in 2008 as the fourth 
fundamental circuit element [7], [8]. The flexibly modifiable 
conductance of memristor is ideal for mimicking the synaptic 
plasticity of biological synapse in nervous system [9]-[13]. 
Memristor-based synapse has been extensively studied as a 
potential solution to overcome the limitation of VLSI-based 
synapse in artificial neural networks. 
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Fig. 1. (a) a conceptual diagram of a memristor-based 

synapse [9]. (b) the change of a memristor’s conductance 

with positive pulse and negative pulses [17]. 
In nervous systems, synapses are the connections between 

the presynaptic neurons and the postsynaptic neurons. The 
strength of the synapses is represented by the synaptic weight. 
According to the neuron activities including excitatory and 
inhibitory, synaptic weights can be positive or negative 
[14]-[16]. Synapses can be modeled by memristors as shown 
in Fig. 1(a) [9], [10]. The synaptic weight is represented by 
the conductance of memristors. The conductance of 
memristors can be modified by applying the positive pulses or 
negative pulses to the devices. Fig 1(b) shows a measurement 
of a memristor based on a LaAlO3 film [17]. The conductance 
of the measured memristor increases when positive pulses are 
applied to device. By contrast, the conductance decreases as 
negative pulses are applied to the device, as shown in Fig. 
1(b). The memristor circuits realizing the signed synaptic 
weights have been demonstrated in last decades [18]-[21]. 
Memristors might be programmed to an undesired 
memristance values resulting in the process variation 
[22]-[26]. Memristance variation is one of the factors that 
degrade the performance of memristor synapses seriously. 
Furthermore, variation also known as the drift of memristance 
during read operation [27].  
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The variation of synaptic is represented by the gradient of 
synaptic function with respect to the memristance value. To 
improve the variation-tolerance of memristor synapse, in this 
paper, we propose an optimal active memristance range, in 
which memristance value is distributed close to the high 
resistance state. 

II.  MEMRISTOR SYNAPSES 

Memristor synapse circuits which can perform negative 
and positive synaptic weightings has been proposed. Fig. 2(a) 
shows a synapse circuit constituted by 4 memristors for 
performing zero, positive, and negative synaptic weightings 
[18], [19]. The synaptic weight is determined by the 
memristance values of 4 memristors, as indicated in Equation 
1 [18], [19].  
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By adjusting the memristance values of M1, M2, M3, and 
M4, we obtain a zero, positive, or negative synaptic weight. 
The memristor synapse shown in Fig. 2(a) is interesting, 
however, it is not suitable for implementing high-density 
synaptic arrays. For memristor-based synapse array, we can 
consider the complementary architecture of two memristors 
as shown in Fig. 2(b) [20]. Here two memristors in two 
crossbar arrays constitute a synapse for performing negative, 
zero, or positive synaptic weightings. The synaptic weight in 
Fig. 2(b) is decided by the difference between two 
memristance values in two crossbar arrays [20].  
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To reduce the power consumption and area, S. N. Truong 
proposed a new memristor synapse which employs only one 
memristor and a constant-term [21]. The schematic of the 
proposed memristor synapse is shown in Fig. 2(c). 
 

 

Fig. 2.  The memristor-based synapses for implementing the 
signed synaptic weights. (a). A memristor bridge circuit 
constituted by four memristors for implementing the signed 
synaptic weights [18], [19]. (b). A complementary 
architecture of two memristors for implementing the signed 
synaptic weights [20]. (c) A new synaptic circuit that utilizes 
only one memristor [21]. 

Here a negative voltage is generated by a constant-term circuit 
sharing for all columns in crossbar array [21]. The synaptic 

weight in Fig. 2(c) is calculated using the Equation 3 [21]. 
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The memristor circuit in Fig. 2(c) can perform a negative and 
or positive synaptic weight by adjusting the value of 
memristance  [21]. RB is constant.The memristor synapse 
circuit in Fig. 2(c) is used to implements a two-layer neural 
network for the application of handwritten digit recognition is 
shown in Fig. 3. Fig. 3(a) shows the samples of MNIST 
dataset of handwritten digits. The character images are 
resized to 14x14 pixels. Figure 3(b) show a conceptual 
diagram of a two-layer neural network. The input layer has 
196 inputs for 196 pixels, the hidden layer is composed of 256 
neurons, and the output layer has 10 neurons for recognizing 
10 digits.  
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Fig. 3.  (a) The handwritten digits of MNIST dataset, (b). The 
conceptual diagram of a multiple neural network for 
handwritten digit recognition, and (c) the schematic of a 
memristor crossbar circuit for implementing a hidden layer in 
a two-layer neural network. Fig. 3(c) shows a memristor 
crossbar circuit for implementing the first layer of neural 
network. The memristor crossbar has 196 rows for the input 
neurons, 256 columns corresponding to 256 neurons in 
hidden layer. The output of the kth neuron is calculated as 
follows [21] 



International Journal of Recent Technology and Engineering (IJRTE)  
ISSN: 2277-3878 (Online), Volume-8 Issue-4, November 2019 

 

12030 

 

Published By: 
Blue Eyes Intelligence Engineering 
& Sciences Publication  

Retrieval Number: D9532118419/2019©BEIESP 
DOI:10.35940/ijrte.D9532.118419 
Journal Website: www.ijrte.org 
 

In Equation 4, the synaptic weight is determined by the value 
of RB, R0, and the memristance value. R0 is a coefficient for 
amplifying the synaptic weight. RB is a bias resistance. The 
signed synaptic weight is obtained by adjusting the valued of 
memristance, Mj,k, around the bias resistance RB. It emerges 
that the synaptic weight is a nonlinear function of RB and Mj,k. 
The change of memristance makes the synaptic weight change 
nonlinearly. Here RB can be selected between low resistance 
state (LRS) and high resistance state (HRS). The bias 
resistance, RB, strongly affects the distribution of 
memrsitance values. In this work, we will discover the range 
of RB so as to reduce the effect of the variation of Mj,k. To do 
this, we calculated the gradient of the synaptic weight 
function in Equation 4 with respect to the memristance value. 
We obtain the Equation 5. 
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Equation 5 presents a nonlinear relationship between the 
variation of the memristance and the variation of the 
corresponding synaptic weight. The gradient of synaptic 
weight function with respect to the memristance is a function 
of memristance as indicated in Equation 5. The gradient of 
synaptic weight represents the variation of synaptic weight 
caused by the variation of memristance value. The 
relationship of the gradient of the synaptic weight and the 
memristance value in Equation 5 is shown in Fig. 4. As we can 
see in Fig. 4, the gradient decreases as memristance increases. 
To minimize the gradient of synaptic weight function, 
memristance should be close to the high resistance state, as 
shown in Fig. 4. The active range of memristance is decided 
by the value of bias resistance RB since the memristance 
values are distributed around the value of RB.
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Fig. 4. The gradient of synaptic weight function with respect 
to the memristance valueThe synaptic weights obtained by the 
training process are then converted to the memristance values 
using Equation 4. The valued of R0 and RB are selected so as 
to the achieved memristance values must be in a range of from 
LRS to HRS. In Equation 4, RB and R0 are constant, the 
memristance increases makes the synaptic weight increase. 
The synaptic weights obtained from the training process can 
be negative, zero, and positive. These synaptic weights are 

converted to the values of memristance using Equation 4. 
Therefore, the memristance values are distributed around the 
value of RB for perform negative, zero, and positive synaptic 
weightings. As we can see in Fig. 4, if RB is close to HRS, 
memristance values are distributed close to HRS and the 
gradient of synaptic weights are very small. The value of RB 
should be selected so as to satisfy that the maximum synaptic 
weight can be converted to the memristance value which must 
be less than or equal to HRS. Thereby, we can choose the 
value of R0 and RB according to the following assumption. 

HRSw )max(arg  (7) 

The optimal bias resistance is calculated using the Equation 7. 
Where the maximum of synaptic weight is converted to the 
value of memristance which is equivalent to the highest 
resistance of memristor device. The active memristance is 
defined as a range of memristance that can represent the 
minimum and the maximum of synaptic weights, as shown in 
Fig. 4. 

  (

 

III. RESULT AND DISCUSSION 

The two-layer neural network with memristor synapses in 
Fig. 3 is tested for handwritten digit recognition. The crossbar 
circuit is simulated by using Cadence Spectre [28]. Memirstor 
is modelled using Verilog-A model [17]. The neural network 
is implemented using two crossbar circuits. The hidden layer 
is realized by a crossbar circuit presented in Fig. 3(c). The 256 
neurons in hidden layer are realized by 256 columns.  The 
activation circuits are realized using Op-amp circuits [29]. 
The output layer can be designed using the crossbar array as 
the hidden layer. The crossbar circuit is trained by 60,000 
training samples. The number of testing samples is 10,000.  
The recognition rate of the crossbar circuit without variation 
is as high as 97%. The variation of memristance increases 
from 0% to 10%. The distribution of memristance values is 
controlled by the value of the bias resistance RB. In this 
simulation, the recognition rate is measured with varying the 
value of RB from 30KΩ to 80KΩ. When the RB is set to be 
30KΩ, the recognition rate degrades sharply when the 

memristance variation increases. It is due to the fact that the 
distribution of memristances close to LRS resulting in the 
high gradient of synaptic weight, as presented in previous 
section. However, when the active memristance range is close 
to high resistance value determined by RB=80KΩ, the 

recognition rate is as high as 70% when the variation is 10%. 
To improve the variation-tolerance of memristor synapses, 
the active memristor range should be close to the HRS. This 
can be done by choosing the value of RB close to HRS and 
satisfy the Equation 6. 
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Fig. 5.  The comparison of the recognition rate when the 
variation increases from 0% to 10% among different active 
memristance ranges selected by different values of RB 

The distribution of memristance values is decided by the 
value of bias resistance. The gadient of synaptic weigt 
function is minimized if memristance values move close to 
HRS. The optiaml range of memristance is obtanied by 
selecting the value of RB using Equation 6. By using the 
optimal active memristance range, the varition-tolerance is 
improved significantly. 

IV. CONCLUSION 

In this work, we proposed an optimal active memristance 
range for improving the variation-tolerance of memristor 
synapses in a memristor-based neural network. The effect of 
memristance variation is mitigated by minimizing the gradient 
of synaptic weight function. To minimize the gradients, 
memristance values should be distributed close to the high 
resistance state. By selecting the appropriate memristance 
range which is close to the high resistance state, the 
recognition rate of crossbar circuit is improved by 53% when 
variation increases to 10%. 
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