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Abstract 
The hardware implementation of neural network has always been of interest to the researchers as it can significantly increase the efficiency 

and application of neural networks due to the distributed nature of Artificial Neural Networks (ANNs) in both memory and computation. Direct 

implementation of ANNs also offer large gains when scaling the network sizes. Stochastic neurons are among the most significant aspects of 

machine learning algorithms and are very important in different neural networks. In this paper, a hardware model for the stochastic neuron 
based on the two-in-one magnetic tunnel junction (TiO-MTJ) in subcritical current switching regime is proposed. The use of TiO-MTJ has 

reduced the area of the proposed neuron and eliminated the risk of MTJ read disturbance. Functional evaluation of the proposed model 

demonstrates that the behavior of the proposed model is comparable to the mathematical description of the stochastic neuron, and it has a 

negligible error in comparison with the theoretical model. The simulation results of image binarization over 10,000 images indicate that the 
proposed hardware model has only 0.25% pack signal to noise ratio (PSNR) and 0.02% structural similarity (SSIM) variation compared to its 

software-based counterpart. The results of corners simulations also show the proper performance of the proposed neuron even in the presence 

of inevitable major process variations. 
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1. Introduction 

 
Conventional computers with Von-Neumann architecture, 

despite being able to execute billions of commands per 

second, have major challenges [1-6]. These systems generally 

perform operations serially and as a result, with the increasing 

complexity and number of computational operations, the 

efficiency of these systems is significantly reduced and in 

some cases they are not even able to perform the desired 

operations [1, 7]. 

Recently, the design of computers inspired from natural 

neural networks with features similar to the human brain, 

including the learning capability, has received considerable 

attention from researchers [1, 7-13]. In addition to the design, 

modeling and hardware implementation of these systems are 

also of great importance. Hardware implementation greatly 

increases system performance, as well as significantly reduces 

the power consumed to perform each operation [1, 6, 7, 12, 

14]. 

One of the most important elements in the machine learning 

algorithms and hardware implementations of neural networks 

is stochastic neuron [15-17]. Stochastic neuron and in general 

stochastic neural network are useful tools for optimization 

problems since the random fluctuations help it escape from 

local minima [17, 18]. Application of the stochastic neural 

networks includes risk management, oncology, 

bioinformatics, and other similar fields [17]. 

Spintronic devices such as magnetic tunnel junction (MTJ) 

due to their attractive features such as compatibility and the 

ability to build alongside CMOS transistors, nonvolatility, the 

ability to integrate and stochastic behavior in subcritical 

current is one of the options considered by researchers for 

hardware implementation of the neural networks [8, 19-22]. 

In this paper, a hardware model for stochastic neuron is 

designed and evaluated using stochastic behavior of two-in-

one MTJ (TiO-MTJ) in subcritical current regime. The 

proposed model has a similar behavior to the mathematical 

model of stochastic neuron and can be implemented in large 

numbers for hardware implementation of stochastic neural 

networks. It is noteworthy that, the use of TiO-MTJ has 

reduced the area of the proposed neuron and also eliminated 

the risk of MTJ read disturbance [23]. 
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Figure 1. TiO-MTJ structure 

 

The rest of this paper organized as follows: The 

backgrounds of the research including mathematical model of 

stochastic neuron, TiO-MTJ structure, and stochastic behavior 

of the TiO-MTJ in the subcritical current regime are presented 

in Section II. The proposed stochastic spintronic neuron is 

introduced in section III. In section IV simulation results are 

presented and analyzed to verify the functionality of the 

proposed design. Also in section IV, the results of corner 

simulations are presented to evaluate the performance of the 

proposed model in the presence major process variations. 

Finally based on the simulation results section V concludes the 

paper. 

 

2. Backgrounds 
 

2.1. Stochastic neuron 
 

In a Threshold Logic Unit (TLU) neuron, if all the factors 

affecting the output are visible and included in the input, when 

the sum of the inputs is greater than the threshold value, the 

output will be ‘1’ and if it is smaller, the output will be ‘0’ [17, 

24]. But in a stochastic neuron, not all the factors affecting the 

output are taken into account or it is not possible to consider 

all these factors. As a result, comparison with the threshold 

value is not the only determinant of output and only 

determines the probability of occurrence of each of the output 

states (‘1’ or ‘0’) [17]. This probability function is displayed 

by 𝜙(𝑣) and is usually as expressed by (1). 

 

(1) 𝜙(𝑣) =
1

1 + 𝑒𝑥𝑝(
−𝑣+𝑣0

𝑇
)
 

 

In (1), v represents the effect of observable inputs (known 

factors) and T represents the effect of unobservable inputs 

(unknown factors). v0 is also used to move the axis. According 

to (1), the 𝑣 𝑇⁄  ratio determines the behavior of the neuron. If 

this ratio is too large or too small, the behavior of the neuron 

is completely deterministic and neuron behaves stochastically 

in the middle values of the ratio. 

 

2.2. Magnetic tunnel junction 

 
The TiO-MTJ consists of three ferromagnetic layers 

separated by two thin insulator layers (shown in Fig. 1). It is 

observed that if the thickness of the insulator layers is thin 

enough, the electrons in one ferromagnetic layer can tunnel 

through the insulator layer and go to the other ferromagnetic 

layer and create an electric current [20, 25, 26]. 

Due to the relative orientation of the magnetization vectors 

of the each of the two ferromagnetic layers two different 

working modes are possible for a MTJ: 

• Parallel mode: In this mode, the magnetization vectors 
of the ferromagnetic layers are in the same direction. 

• Antiparallel mode: In this mode, the magnetization 
vectors of the ferromagnetic layers are in opposite 
directions. 

It has been observed that the electrons of the ferromagnetic 

layers in a MTJ in the parallel mode are more likely to tunnel 

through insulator layer than a MTJ in the antiparallel mode. 

Due to this phenomenon, a MTJ is like a switch that has two 

modes, parallel mode with low electrical resistance and 

antiparallel mode with high electrical resistance [20, 25, 26]. 

Based on the resistance of the MTJ in the parallel and the 

antiparallel mode the TMR ratio is defined as (2) [20, 25, 26]. 

The higher TMR ratio provided higher readability and read 

stability [21, 22, 27]. 

 

(2) 𝑇𝑀𝑅 =
𝑅𝐴𝑃 − 𝑅𝑃

𝑅𝑃
× 100 

 

2.3. Stochastic behavior of the MTJ in the 

subcritical current 

 
To change the state of the MTJ a bi-directional current must 

pass through the MTJ. According to the geometric structure of 

the MTJ, a parameter known as critical current (3) is defined 

for the MTJ [8, 28].  

 

(3) 𝐼𝐶𝑟𝑖 = 𝛼
𝛾𝑒

𝜇𝑏𝑔
(𝜇0𝑀𝑠)𝐻𝐾𝑉𝑠𝑙 

 

In (3), 𝛼 is the magnetic damping constant, 𝛾  is the 

gyromagnetic ratio, e is the electron charge, 𝜇0is the vacuum 

magnetic permeability, 𝑀𝑠is the magnetic saturation field, 𝐻𝐾  

is the effective magnetic anisotropy field, 𝑉𝑠𝑙 is the free layer 

volume, 𝜇𝑏  is the bohr magnetic constant, and 𝑔 is the spin 

polarization factor [28].  

Behavior of the MTJ is different in the currents higher and 

lower than the critical current. 

• At the currents higher than the critical current, MTJ 
switching is deterministic [28]. 

• At the currents lower than the critical current, MTJ 
switching is probabilistic and follows the probability 
distribution expressed by (4) [28]. 

(4) 𝑃(𝐼, 𝑡) = 1 − 𝑒𝑥𝑝 {−
𝑡

𝑇0
𝑒𝑥𝑝 [−𝛥 (1 −

𝐼

𝐼𝑐𝑟𝑖
)
2

]} 

 

In this distribution, t is the duration of the passing current, T0 

is the attempt time, and Δ is the thermal stability factor. 
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Figure 2. Proposed hardware model for the stochastic neuron 

3. Proposed Hardware Model for 

Stochastic Neuron 
 

Figure 2 shows the proposed hardware model for stochastic 

neuron. As this Figure shows the proposed model comprised 

of three main part. 

 

3.1. Pre-charge sense amplifier 
 

Sense amplifier (SA) is responsible for sensing the 

resistance difference between two terminals of the TiO-MTJ 

that connected to its tails. There are different types of SA, 

among them, pre-charge SA (PCSA) is the most used type 

thanks to its high sensing reliability, performance, and power 

efficiency than the other SA circuits [29]. 

As Fig. 2 shows PCSA is composed of six transistors, two 

PMOS transistors (P0 and P3) which act as the precharge 

paths, and four NMOS/PMOS transistors (N0, N1, P1, and P1) 

which act as two cross coupled inverters to construct a keeper. 

The sensing operation of PCSA includes two modes. 

• Pre-charge phase (Clk='0'): During this phase, output 
nodes are both pre-charged to VDD through P0 and P3. 
During this phase write and control circuits perform 
MTJ reconfiguration. 

• Evaluation phase (Clk='1'): During this phase, N2, and 
N3 turn on to discharge one of the outputs to the ground. 
The MTJ with lower resistance will discharge its 
corresponding output to the ground faster and hence, its 
complementary output stays high. 

 

3.2. Reconfigurable TiO-MTJ 
 

This part of the circuit consists of a reconfigurable TiO-MTJ 

and is the part that creates the stochastic nature of the proposed 

model.  

 

 

3.3. Write and control circuits  
 

Write and control circuits is responsible for reconfiguration 

of the reconfigurable MTJ. The operation of this part of the 

proposed model can be divided into two phases: 

• Deterministic restoring (Clk='0', and Restore='0'): At 
this time P4 turn on and pass 200μA current through 
reconfigurable MTJ for 10ns. This current, which is 
larger than the MTJ critical current (100μA), definitely 
changes the MTJ mode to antiparallel. 

• Stochastic switching (Clk='0', and Restore='1'): During 
this phase a current between -80μA to -30μA pass 
through reconfigurable MTJ for 10ns. At this time,  the 
configuration of the reconfigurable MTJ can change 
according to the probability distribution expressed by 
(4). 

 

4. Simulation Results 
 

4.1. Functional evaluations 
 

Using 45nm CMOS technology model [30] and TiO MTJ 

model proposed in [23], HSPICE simulation carried out to 

validate the functionality of the proposed model. Figure 3 

shown the output of the proposed model (Output in Fig. 2) for 

1us. This Fig shows output of the proposed model for three 

different current and hence switching probability (25%, 50% 

and 75%). As Fig. 3 shown as the MTJ switching current 

increases, the MTJ switching probability and as well as the 

probability of the output switching also increases.  

Figure 4 shows the performance of the proposed model 

compared to the mathematical model. The performance of the 

model can be divided into three regions as logical one 

saturation (synapse current between 70μA to 80μA), logical 

zero saturation (synapse current between 30μA to 40μA) and 

the probabilistic switching region (synapse current between 

40μA to 70μA). 
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Figure 3. Transient output of the proposed model for three different current and hence switching probability (25%, 50% and 75%) 

 

Figure 4. The performance of the proposed model compared to the 

mathematical model 

 

 

Figure 5. The performance of the proposed model in the fabrication 

process corners (SS and FF).  

 

As Fig. 4 shows, in the logical one and zero saturation 

regions, the performance of the proposed model is quite 

similar to that of the mathematical model, and in the 

probabilistic switching region, it performs very close to the 

mathematical model. 

4.2. Corners simulations 
 

To investigate the effect of process variations on the 

performance of the proposed model, simulations were 

performed at two corners of the fabrication process: SS 

(lowest current) and FF (maximum current). 

Figure 5 shows the probability of TiO-MTJ switching at the 

SS and FF corners. As this figure shows, the proposed model 

has an acceptable performance in the corners of the fabrication 

process. 

 

4.3. Image binarization evaluations 
 

MATLAB simulation performed to validate the 

functionality of the proposed hardware model in image 

binarization. For this purpose, the following steps have been 

done for 10,000 times: 

• The pixel values of the image were converted to a 
current between 30μA and 50μA. 

• The corresponding current of each pixel was applied to 
the reconfigurable MTJ. 

• The output of proposed model was considered as the 
binary equivalent of the image. 

For each of the 10,000 performed simulations, peak signal 

to noise ratio (PSNR) [31] and structural similarity (SSIM) 

[32] was obtained relative to the ideal binary image. 

Figure 6 shows the original grayscale image, the ideal 

binarized image generated using MATLAB ‘imbinarize’ 

function with a threshold value of 0.5 and four outputs of the 

proposed model. As this figure shows the output of the 

proposed hardware model for stochastic neuron in image 

binarization is very similar to that of the MATLAB 

‘imbinarize’ function. 

Figures 7 shows the boxcharts of the PSNR and SSIM of the 

binarized image using the proposed model. As these figures, 

show, the proposed model has 0.25% PSNR and 0.02% SSIM 

variation in comparison withs the software counterpart. 
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Figure 6. Simulation results of the proposed model a) Original 

grayscale image b) The ideal binarized image generated using 

MATLAB ‘imbinarize’ function with a threshold value of 0.5 c) four 

outputs of the proposed model 

 
(a) 

 

 
(b) 

Figure 7. Boxcharts of the PSNR and SSIM of the binarized 

image using proposed model 

 
(a) 

 

 
(b) 

Figure 8. Boxcharts of the PSNR and SSIM of the binarized 

image using proposed model in the presence of the process 

variations 

Figures 8 also shows the boxcharts of the PSNR and SSIM 

of the binarized image using the proposed model in the 

presence of the process variations. As these figures show, the 

proposed model has 10.24% PSNR and 5.28% SSIM variation 

as compared to the software counterpart in the presence of the 

process variations. 

 

5. Conclusion 

 

In this paper, a hardware model for the stochastic neuron 

based on the stochastic behavior of MTJ with the currents 

lower than the critical current is proposed. The stochastic 

neurons are one of the most important elements in the 

implementation of hardware neural networks, machine-

learning algorithms, and in general, artificial intelligence. Due 

to the massive parallel nature of artificial neural network 

hardware the proposed hardware model can significantly 

increase the performance of the artificial neural network by 

taking the advantages of the parallelism of the neural networks 

and the possibility of implementing the model in high numbers 

and densities. Image binarization simulation results over 

10,000 images indicate that the proposed hardware model has 

only 0.25% PSNR and 0.02% SSIM variation in comparison 

to the software counterpart and also 10.24% PSNR and 5.28% 

SSIM variation than the software counterpart in the presence 

of the process variations, which are completely acceptable. 
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