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Abstract 

The abundance of data to be processed calls for new computing paradigms, which could 
accommodate, and directly map artificial neural network (ANN) architectures at the hardware 
level. Neuromorphic computing has emerged as a potential solution, proposing the 
implementation of artificial neurons and synapses on physical substrates. Conventionally, 
neuromorphic platforms are deployed in complementary metal-oxide–semiconductor (CMOS) 
technology. However, such implementations still cannot compete with the highly energy-
efficient performance of the brain. This calls for novel ultra-low-power nano-scale devices with 
the possibility of upscaling for the implementation of complex networks. In this paper, a multi-
state spin-orbit torque (SOT) synapse based on the three-terminal perpendicular anisotropy 
magnetic tunnel junction (P-MTJ) is proposed. In this implementation, P-MTJs use common 
heavy metals (HMs) but with different cross-section areas, thereby creating multiple states that 
can be harnessed to implement synapses. The proposed multi-state SOT synapse can solve the 
state-limited issue of spin-based synapses. Moreover, it is shown that the proposed multi-state 
SOT synapse can be programmed to reproduce the spike-timing-dependent plasticity (STDP) 
learning algorithm. 
 
Keywords: multi-state synapse, spin-Hall effect (SHE), spin-orbit torque (SOT), spin-transfer 
torque (STT), magnetic tunnel junction (MTJ), spike-timing-dependent plasticity (STDP) 

 

1. Introduction 

Internet of things has become increasingly present over the 
last decade [1], to such an extent that sensory devices now 
permeate the fabric of the world around us, collecting a 
tremendous amount of data. Deep learning has proven to be a 
useful tool in processing big data to obtain meaningful 
interpretable outcomes. However, while deep-learning 
architectures are rapidly growing in complexity, their 
hardware substrate is not evolving at the same pace. To fully 
benefit from these models, it is necessary to completely 
rethink the computing infrastructures they run on [2], moving 
beyond the traditional von Neumann architecture.  

Neuromorphic computing is a bio-inspired information 
processing framework that brings about the paradigm shift 
needed to overcome von Neumann constraints, by suggesting 
the use of physical components or micro-electronic circuits to 
emulate the behavior of neurons and synapses.  

Conventionally, the basic building blocks of neuromorphic 
circuits are implemented in complementary metal-oxide–
semiconductor (CMOS) technology and integrated into very-
large-scale integration (VLSI) devices. Among others, 
Braindrop [3], TrueNorth [4], Neurogrid [5], BrainScaleS [6], 
ROLLS [7], MorphIC [8] are examples of CMOS-based large 
networks neuromorphic computing systems. The most mature 
and widely used strategies to develop synaptic plasticity 
models compatible with CMOS neuron circuits are based on 
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either analog memory (capacitor) or static random-access 
memory (SRAM). Unfortunately, the volatile quality of 
capacitors hinders the learning abilities of the network, since 
the synaptic elements are unable to retain the analog value 
achieved during training in the long term. For what concerns 
the SRAM, it can only store a binary value [9, 11]. To attain a 
multi-state synapse, multiple SRAM cells must be used, in 
conjunction with accessory peripheral circuits such as digital 
to analog converter (DAC) to retrieve the memorized values 
[12]. Considering that each SRAM cell consists of at least six 
transistors, the footprint of such an approach becomes 
significant. Ultimately, implementing synapses requires a 
low-area, low-power, multi-state non-volatile memory, that 
either exhibits plasticity or can be programmed to implement 
specific learning algorithms, e.g. the Spike-Timing-
Dependent Plasticity (STDP). 

Emerging beyond-CMOS technologies such as spintronic, 
memristive and resistive switching random access memory 
(RRAM) devices offer viable alternatives for implementing 
both neurons and synapses for neuromorphic computing 
systems [13-17]. Spintronic devices benefit from low power 
consumption, area efficiency, non-volatility, and CMOS 
compatibility [18]. Base on these advantages, the spin-based 
memristors [19] have been developed to overcome the issues 
of the conventional memristors [20] such as finite endurance 
or relatively low switching speed. Besides, magnetic tunneling 
junction (MTJ) has been also attaracted a lot of attention. Such 
device consists of an oxide barrier layer sandwiched between 
two ferromagnetic layers called pinned layer (PL) and free 
layer (FL) [19, 20]. The FL’s magnetization direction can be 
switched by passing a current higher than a critical current (IC) 
in the appropriate direction, while the PL’s magnetization 
direction is fixed. The relative magnetization direction of FL 
and PL determines the MTJ resistance [21, 22]. MTJ 
resistance is in a low state when the magnetization directions 
of the two magnetic layers are parallel sate (P-state), and it is 
in a high state if the magnetization directions of the two layers 
are anti-parallel state (AP-state), which means the MTJ is a bi-
state device. The conventional method to change FL’s 
magnetization direction is the spin-transfer torque (STT) 
mechanism, where a current (ISTT) passes through the MTJ and 
interacts with FL’s magnetization [22]. However, all RRAM, 
spin-based memristors and conventional MTJs devices are 
two-terminal structures. Recently, three-terminal MTJs have 
attracted considerable attention because these devices can 
overcome the reliability issue in conventional MTJs [23]. In 
addition, these devices decouple the read and write paths 
enabling independent optimization of the read and write paths. 
The optimization prevents the unwanted changes of the data 
during the read phase and improves the power consumption of 
the synapse [24]. 

In three-terminal MTJs, the FL’s magnetization direction is 
switched by spin-orbit torque (SOT) mechanism where a 

charge current (ISOT) flows through a non-magnetic heavy 
metal (HM) and creates a torque on FL’s magnetization 
direction [25, 28]. Three-terminal out of plane anisotropy or 
perpendicular anisotropy MTJ (P-MTJ) has gained significant 
attention due to its scalability and fast switching [29]. To 
realize a deterministic switching in a three-terminal P-MTJ, an 
external magnetic field is needed [30]. However, it leads to the 
increase in complexity and process variation sensitivity [28]. 
To deal with this issue, several techniques such as voltage 
control magnetic anisotropy (VCMA) [31], exchange bias 
(EB) [32], and applying ISTT [29] have been developed. The 
deterministic switching is enabled in VCMA-based MTJ by 
selecting an appropriate voltage level and pulse width [33]. 
Finding such appropriate point may be challenging, hence 
VCMA-based MTJs have a moderately high programming 
error rate (≥10−5) [34]. In EB-based MTJ, an in-plane field is 
created by the EB approach that causes a deterministic 
switching without any external field. Such an in-plane field is 
material dependant and can be small [35]. The small in-plane 
magnetic field may not be able to complete the switching 
leading to switching reliability degradation [36]. Another 
issue in the EB-based MTJ is the need of a large current (ISOT) 
for switching the MTJ [36].  

Several studies have investigated the use of MTJs as 
synapses [18, 37, 38, 39, 40]. Since the biological synapses 
are analog, the bistability of the MTJ constitutes a limitation 
for utilizing it as a synapse. In [18], a dual-domain MTJ (DD-
MTJ) is designed to create an 8-state synapse. In this device, 
the STT mechanism is harnessed and the fabrication process 
is complex as compared to the conventional MTJs. In another 
attempt, a Domain Wall (DW)-MTJ is utilized as a multi-state 
synapse [37]. However, DW devices suffer from scaling as 
they turn into binary devices in scaled technologies [41] and 
low tunnel magnetoresistance (TMR) and high current for 
switching of DM [42]. Recent experimental demonstrations 
show the extremely energy efficient DW-MTJ with an average 
TMR (~171%) [42]. In [38], seven MTJs are in parallel with 
the shared FL (as a DW layer) and HM. A charge current flows 
through the HM and creates a spin current injected into the FL. 
The spin current causes domain wall motion in the FL by the 
SOT. The widths of the FL and HM are varied linearly. This 
variation leads to having different critical currents and 
creating eight levels of resistance. The resistance of the 
proposed synapse varied linearly with the charge current. 
However, the area of the device is in tens of micrometre 
making it an area-consuming synapse. In [39], several two-
terminal MTJs are connected in parallel as a synapse to obtain 
a multi-state weight spectrum. However, this structure suffers 
from the issue of shared write and read paths. In [40], the 
stochastic switching behaviour of the three-terminal in-plane 
(I-MTJ) is utilized to embed the STDP algorithm.  
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In this paper, a multi-state SOT synapse is proposed that 
can improve the limited-state issue of MTJ-based synapses. 
The proposed synapse uses three-terminal P-MTJs, whose 
feature of the separating read and write paths of the device is 
attractive for on-chip learning [40]. In this paper, the read and 
write paths are referred to as the synaptic transmission (a spike 
is weighted when passing a synapse [17]) and learning paths. 
In this structure, an HM with different widths is shared with 
three-terminal P-MTJs (in this paper 7 MTJs) to create a multi-
state synapse (in this paper, 8 states). The number of states can 
be increased by adding more MTJs. By engineering the cross-
section area of the HM at different points, each MTJ has a 
different IC. In the learning phase, ISOT flows through the 
shared HM and depending on its amplitude, none (ISOT < 
IC_min), all (ISOT > IC_max) or some of the MTJs (IC_min < ISOT < 
IC_max) will be switched, thereby the weight of the synapse will 
be updated (learned). In this paper, a peripheral circuit is 
designed for the implementation of the STDP rule. The paper 
is organized as follows: section 2 describes the general 
concept of STDP. The modeling of three-terminal P-MTJ is 
explained in section 3. In section 4, a multi-state synapse is 
described. The circuit design and simulation results are 
elaborated in sections 5 and sections 6, respectively. Finally, 
section 7 concludes the paper. 

2. Spike-Time-Dependent Plasticity 

In a biological neural network, a synapse mediates the 
transmission of electrical impulses from the axon terminal of 
one neuron to the dendritic membrane of another neuron. The 
sending neurons are commonly referred to as presynaptic 
neurons, while the neurons at the other end of the synapse are 
called postsynaptic neurons. Synaptic plasticity is the 
mechanism that governs memory consolidation and learning 
in biological neural systems. The STDP rule, a model of 
synaptic plasticity, postulates that the direction and the 
magnitude of the change in synaptic strength depend on the 
relative timing between presynaptic and postsynaptic spikes. 
Postsynaptic spiking within a defined time window after 
presynaptic activation results in long-term potentiation (LTP), 
which results in strengthening the synaptic weight 
(conductance increase). On the contrary, long-term depression 
(LTD) takes place when the postsynaptic spike precedes the 
presynaptic spike and it leads to the weakening of the weight 
[43]. A mathematical model to fit the biological evidence is 
given by equation 1 [44, 45]: 

𝛥𝑤 = 𝐴 exp −
| |

           at tpost for tpre ˂  tpost                  (1) 

𝛥𝑤 = 𝐴 𝑒𝑥𝑝 −
| |

       at tpre for tpre ˃ tpost 

where the interval inter-spike is defined as t = tpost - tpre. A+ and 
A- are positive and negative constants, respectively, and they 
determine the maximum amount of synaptic modification. 

The parameters + and - set the time window within which 
synaptic strengthening and weakening occur. 

 3. Three-terminal P-MTJ 

The schematic of the three-terminal P-MTJ is shown in 
figure 1 (a), in which a P-MTJ nanopillar is placed on top of 
an HM. In this figure, a current (ISOT) flows through the HM 
in the y-direction between terminal T2 and T3, and a polarized 
spin current emerging from the spin Hall effect (SHE) is 
generated along the z-direction [29], leading to assert a torque 
on the FL. Such torque rotates FL’s magnetization direction 
from out of the plane (z-direction) to in-plane (x-y plane) 
orientation. To complete the switching, the FL’s 
magnetization direction should reach to z-direction but in the 
opposite direction of its initial state (i.e. from +z to –z). This 
can be done by a current (ISTT) passing through the MTJ from 
terminal T1 to terminal T3 (or vice versa). ISOT contributes the 
most to the switching of the MTJ, and ISTT only assists to 
complete the switching (Details will be explained in section 
6). The magnetization dynamic of the FL within macroscopic 
approximation can be expressed by the Landau-Lifshitz-
Gilbert (LLG) equation as follows in equation (2) [46-47]. 

⃗
= −𝛾𝜇 �⃗� × 𝐻 + 𝛼𝑚 ×

⃗
−

ℏ
�⃗� × (𝑚 ×

𝑚 ) + 𝑚 × (𝑚 × �⃗� )                                                  (2)       

where γ, α, MS, p, η, 𝜇  , ℏ, q, are the gyromagnetic ratio, the 
Gilbert damping constant, the saturation magnetization, 
effective spin polarization, spin Hall angle, vacuum 
permeability, reduced Planck constant, elementary charge, 
respectively [29]. tFL, AMTJ, and AHM are thickness of FL, cross-
sectional areas of the MTJ and HM, respectively. 𝑚 , �⃗� , 

𝑚, 𝐻  and  𝐼 , PL’s magnetization, the polarization 
direction of pure spin current, FL’s the magnetization 
direction of the effective magnetic field, and the charge 
current flowing through the HM, respectively. The last two 
terms on the right side of the equation express the torques 
induced from ISTT and ISOT, respectively. Equation (2), can be 
solved numericallهy based on the polar (𝜃) and azimuthal (𝜑) 
angles of the FL’s magnetization direction (figure 1 (a)) [29]. 
The position of the FL’s magnetization direction in the z-
direction is defined by  𝜃, when 𝜃 = 0  MTJ is in P-state while 

PL

FL

Oxide Barrier

Heavy Metal

ISOT

ISTT

T1

T2 T3

tH
M

tF
L

T1

T2 T3

½ RHM ½ RHM

RMTJ

(a) (b)

q 

j
x

y

z
m

Figure 1 (a) The three-terminal P-MTJ and (b) The equivalent resistive
network of the three-terminal P-MTJ. 
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in 𝜃 =  π , MTJ is in AP-state. The equivalent resistive 
network of the three-terminal P-MTJ is shown in figure 1 (b). 
In this figure, RHM and RMTJ represent the resistance of HM and 
MTJ that are described by equation (3) and equation (4), 
respectively [29]. 

𝑅 = 𝜌
×

                                                             (3)                                             

where 𝜌, lHM, tHM and wHM are the resistivity, length, thickness, 
and width of HM. 

 

𝑅 = 𝑅                                      (4)                                            

where VMTJ , TMR0 and Vh are the voltage bias of the MTJ, the 
tunneling magnetoresistance ratio (TMR) when the bias 
voltage is zero and Vh is the voltage  at TMR0 /2, respectively 
[29]. TMR0 defines the ratio between the resistances of MTJ 
in parallel and anti-parallel states under zero bias voltage and 
it represented by equation (5). 

𝑇𝑀𝑅 =
𝑅 − 𝑅

𝑅
                                                              (5) 

where RAP and RAP are antiparallel and parallel resistance of 
MTJ respectively. RP is obtained from equation (6). 

𝑅 =
× / × 𝑒𝑥𝑝

( ) /

ℏ
× 𝑡                          (6)  

where F, 𝜑 ,tox , and m are a coefficient that is defined by the 
resistance-area (R.A) product, the oxide barrier potential 
height, the thickness of the oxide, and the electron mass, 
respectively. Figure 2 shows the block diagram of the three-
terminal P-MTJ modelling approach, which includes two 
parts: 1. the LLG equation, and 2. MTJ resistance (equation 
(4)). The three components of FL’s magnetization direction in 
the Cartesian coordinate system, mx, my, and mz as outputs of 
the LLG equation block can be written based on 𝜃 and 𝜑, and 
are used as inputs of the second block. The electrical model of 
the three-terminal P-MTJ as RMTJ is extracted from the second 
block in figure 2.  

4. Multi-state SOT synapse 

Figure 3 (a) shows the proposed multi-state SOT synapse 
that several three-terminal P-MTJs with different HM widths 
are connected through their HMs. The learning current (ISOT) 
flows through the HMs and when the amplitude of  ISOT is 
greater than IC of each the three-terminal P-MTJ, the 
corresponding MTJs switch. In this work, IC is defined as the 
minimum value of ISOT that can rotate the magnetization 
direction of the FL from ± z-direction (figure 1 (a)) to the in-
plane direction (mz ≈0 or 𝜃 = 𝜋/2) during 0.5 ns in presence 
of ISTT with an amplitude of 25 µA. Equeation (7) represents 
the IC based on the parameters of the three-terminal P-MTJ 
[48]. 

 𝐼 ∝
ℏ

×                                                  (7) 

where Hk and tFL are the anisotropy field and the thickness of 
FL, respectively. 

Since ISOT passes through the HM shared with all the MTJs, 
if the MTJs have the same value of IC, they will be switched 
at the same time. Therefore, to obtain a multi-state synapse 
(i.e. a synapse capable of showing multiple conductance 
states) each MTJ should have a different IC. According to 
equation (7), there is a linear relationship between IC   and tHM, 
wHM, and tFL. Among these parameters, the engineering of wHM  

needs fewer fabrication process steps [49]. When ISOT flows 
through HMs with different widths, the charge current 
densities of the three-terminal P-MTJs are different. This leads 
to different spin current densities injected into the FLs [50]. 
This will result in different IC values for each three-terminal 
P-MTJ, as well. For example, if wHM of the three-terminal P-
MTJ1, (wHM1) is greater than the wHM of the three-terminal P-
MTJ2 , (wHM2) then IC1 ≥ IC2. According to figure 3, wHM7 ˃  wHM6 

˃ … ˃ wHM1, hence, for example, if ISOT is greater than IC7, the 
MTJ1, …, MTJ6, MTJ7 will switch.  

Figure 3 (b) shows the resistive network model of the multi-
state SOT synapse. To calculate the equivalent resistance (Req) 
seen from T1 of MTJs to T3,7, T1 terminals are connected to a 
test voltage while T2,1 and T3,7 are float and ground, 
respectively. This resistance determines the weight of a 
synapse between two neurons (will be discussed in next 
section). By switching each MTJ, Req changes, defining a 
state.  In the 0th state, all MTJs are in P-state and the Req in 
this state is called Req0. On the other hand, Req7 is defined when 
MTJ1, MTJ2, …, MTJ7 are switched to AP-state. It can be 
easily shown that Req0< Req1 < Req2 < … < Req7 or Geq0 ˃ Geq1 

˃ Geq2 ˃ … ˃ Geq7, where Geq is equivalent conductance. 
Figure 4 shows Geq of the proposed structure based on the 

resistive network model of figure 3(b) for different states. To 
calculate Geq, HM resistivity (𝜌) is 200 µΩ.Cm and RAP and 
RP are 3.46 kΩ and 1.57 kΩ, respectively, which are extracted 
from equations (4) and (6), and by using parameters in table 

T1,1

T2,1 T3,7

T1,2

PL

FL

T1,3
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FL

T1,7

PL

FL
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T3,1

½ RHM1 ½ RHM1

RMTJ1

(a)T1,2
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T1,7

T2,7 T3,7

½ RHM7 ½ RHM7
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Figure 3. The (a) proposed multi-state SOT synapse (b) equivalent resistive
network of the multi-bit SHMTJ. 
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Figure 2. The block diagram of the three-terminal P-MTJ modelling.  
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1. In addition, the wHM of each MTJ is determined based on its 
IC, as detailed in section 6. 

As shown in figure 4, the Geq is an exponential function of 
the states presented in equation (8):  

Geq = -0.04763 exp (0.422×state) + 2.2                                (8) 

Each state is defined by the amplitude of ISOT; if the 
relationship between states and ISOT is linear, then Geq varies 
with ISOT, exponentially. To have a linear relationship between 
the states and ISOT, it is necessary to have ICn (IC of MTJn) = 
nIC1 where n is the number of MTJs (1≤ n ≤7). This relation is 
achieved by sizing wHM’s. Hence, to implement the STDP rule 
according to equation (1), it will be enough to have a linear 
relationship between ISOT and the time difference be between 
pre and postsynaptic spiking times. Section 5 discusses the 
circuit designed for this purpose. 

5. Circuit design 

 Although the three-terminal P-MTJ enables the benefit of 
the decoupling of the learning and synaptic transmission 
paths, in such device, the ISOT and ISTT should be applied at the 
same time for writing the data into the device. ISOT constitutes 
the principal contribution in writing the data, and the role of 
the small-amplitude ISTT is to induce deterministic switching. 
Because of this decoupling, the multi-state SOT three-
terminal P-MTJ works in two main operation phases:  

a) The learning phase, 
b) The synaptic transmission phase. 

In the learning phase, data is written to the MTJs (the 
synaptic weight is being updated) while in the synaptic 
transmission phase, data is read from MTJs (the synaptic 
weight is determined).  

Figure 5 shows the multi-state SOT synapse with its 
peripheral circuits and the timing diagram of the control 
signals. The circuit is adopted to workin both the LTD and the 
LTP as described in the following.  

The learning phase starts when the presynaptic neuron 
spikes and VPRE signal becomes low. Hence, transistor M2 
turns off and the capacitor C (the voltage of node D) starts to 

charge from VRESET to VSET. The slope of voltage ramp in node 
D is determined by the capacitance C and the bias voltage of 
the transistor M1 (Vb1). The pulse width of VPRE  is Td that is 
equal to the charging time of C from VRESET to VSET. As 
mentioned in section 4, to implement the STDP rule, it is 
crucial to have a linear relationship between the amplitude of 
ISOT and the time difference between tpre and tpost. To this end, 
the voltage in node D may linearly increase with |tpre - tpost| and 
this voltage should be converted to a linear current (ISOT). The 
operational amplifier (op-amp), the transistors M5, R1, and R2 
act as a linear voltage to the current converter. The current of 
M5 is equal to the voltage of node D over R2. Hence, the 
current varies linearly with the voltage of node D. The 
transistors M3,  M4, Mx, and My form a current mirror providing 
a current (ILER) according to the size ration of Mx and My. In 
LTD, LERSOT_D, LERSTT_D  and 𝐿𝐸𝑅 _  are used to enable the 
learning path. These signals control ML_D,  MG_D, and ML_D1 

(each MTJ has an exclusive ML_D transistor which is controled 
by 𝐿𝐸𝑅 _ ), respectively, and are triggered by the spike of 
post-synaptic neuron with a delay (Td). As shown in figure 5, 
LERSOT_D and LERSTT_D are active high signals with pulse 
widths of 0.5 ns and 5 ns, respectively. When LERSOT_D  
becomes high, ML_D turns on and ISOT_D flows through the HM 
for 0.5 ns. Depending on the magnitude of ISOT_D, a few of 
MTJs will be switched. In other words, the weight of the 
synapse will change. As mentioned in section 3, for 
deterministic switching of the MTJ from P-state to AP-state, 
along with ISOT, ISTT should be applied. ISTT should be still kept 
active after removing ISOT. To this end, MG_D and ML_D1 are 
turned on for 5 ns. Therefore, the time duration of the learning 
phase is determined by the pulse width of LERSTT_D . 

To furture clarification of the concept, figure 6 (a) shows 
the timing diagram of the implementation of the LTD where 
the postsynaptic neuron fires before the presynaptic neuron. 
ILER ramps up for 10 µs (Td) while ISOT_D is a sample of this 
current. Since, ISOT_D passes through the HM for only 0.5 ns, 
hence, the variation of this current is negligible and can be 
considered as a constant current. In this figure, POST and PRE 
represent the post and presynaptic spikes. 

Figure 5 also consists of the circuit implementation of the 
LTP.  LERSOT_P is the control signal of two ML_P transistors 
with a pulse width of 0.5 ns. When ML_P turns on, a current 
with an amplitude of kILER passes through M6, M7, Mm, and Mn. 
As mentioned in the case of the LTD, this current linearly 
increases with |tpre - tpost|, however, in the LTP, the reverse 
scenario is required. To this end, kILER  is subtracted from Imax 
where Imax is considered as the amplitude of ISOT_D when |tpre - 
tpost| is zero. Therefore, ISOT_P with amplitude of Imax - kILER 
passes through the HM. MQ is included to make sure that for 
|tpre - tpost| > 10 µs, no current passes through the circuit.  

Figure 6 (b) depicts the timing diagaram of the 
implementation of LTP mode when postsynaptic neuron 
spikes after the presynaptic neuron. As shown in this figure, 
the control signal LERSOT_P becomes high when the 
postsynaptic neuron spikes. Similar to the LTD, LERSTT_P is  
 

 
Figure 4. The Geq of the proposed multi-state SOT synapse as a function of 
states. The 0th state is defined when all MTJs are in the P-state and the last 
state is when all the MTJs are in the AP state. 
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Figure 5. The multi-state SOT synapse with the spike transmission and learning phases circuits. 

active for 5 ns by firing the postsynaptic neuron. When it 
becomes high, MG_P and ML_P1 are turned on, hence T3,7 is 
connected to the ground and ISTT with an amplitude of 25 µA 
passes through MTJ1. 

In the synaptic transmission phase, whenever a presynaptic 
neuron emits a spike, the voltage Vspike elicits a post-synaptic 
current (Ipost) whose amplitude depends on the equivalent 
conductance of the synapse and can be reperesented as Ipost = 
Vspike Gsynapse. To enable both the LTD and LTP, the equivalent 
conductance of the multi-state SOT three-terminal P-MTJ is 
employed in different ways as described in the following and 
shown in figure 5. In the LTD, the transistors MS_D1 and MS_D_L 
are turned on upon the control signal, TRAND, is enabled. 
TRAND becomes high before activation of LERSTT_P and after 
disabling LERSTT_D. By using this configuration, the equivalent 
conductance of the synapse is Gsynapse = (Req + RL)-1. In this 
equation, Req, RL are the equivalent resistance of MTJs and the 
resistance of the postsynaptic neuron (the load), respectively. 
It is worth to mention that, all MTJs are connected to Vspike by 

an exclusive transistor, e.g. MS_D1. In the LTP, the transistors 
MS_P1, MS_P, and MS_P_L are turned on when the control signal, 
TRANP becomes high. It is activated upon LERSTT_P becomes 
low. In the LTP, such circuit configuration leads to have 
Gsynapse = Req / (RRL + RReq + RLReq). With the proper design of 
R the exponential behavior of Gsynapse can be easily achieved 
because according to figure 4, Req has exponential 
charachteristic. 

Figure 7 demonstrates the implementation of the multi-
state SOT synapse in a network with two presynaptic neurons 
(11,12) and two postsynaptic neurons (21,22). As shown in 
this figure, the learning circuit can be shared between all 
synapses connected to the same input neuron. This will 
significantly reduce the area and power consumption of the 
whole network.  

6. Simulation Results 

The device-level simulations of The three-terminal SOT 
MTJ are performed using the Verilog-A models of [29]. The 
circuit-level simulations are performed in Cadence Virtuoso 

t
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Figure 6. Timing diagram of the implementation of (a) LTD and (b) LTP.  
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Figure 7. A sample of neural network that is implemented by the learning 
circuit and the multi-state SOT synapse.  
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using TSMC 180 nm CMOS technology. The parameters used 
for device-level simulations are described in table 1.  

For a better understanding of the effects of ISTT and ISOT on 
the FL switching, figure 8 describes the switching behavior of 
FL’s magnetization using 1. ISTT 2. ISOT,  and 3. the 
combination of ISTT and ISOT. Figure 8 (a) shows the FL’s 
magnetization direction trajectory of 𝑚 during 10 ns. Figure 
8. (b) shows mx, my ,and mz versus time for ISTT = 100 µA with 
a pulse width of 5 ns (100 µA is chosen to ensure that the 
switching will happen during a time, e.g. 10 ns) and ISOT = 0. 
In this case, only ISTT causes the FL’s magnetization switching 
(from +z to –z). In figures 8 (c) and (d), the FL’s 
magnetization dynamics are shown when applying an ISOT 
current of 150 µA with a pulse width of 0.5 ns (more than IC 
to ensure that mz rotates from +z to in-plane orientation). As 
mentioned before, by flowing ISOT through HM, the spin 
current is injected into the FL that its polarization direction is 
perpendicular to the initial state of the FL’s magnetization 
direction. 

As a result, the FL’s magnetization direction will rotate 
from +z to in-plane orientation. By removing ISOT, the FL’s 
magnetization direction can switch randomly to +z or –z by 
thermal agitation. Hence, deterministic switching can not be 
achieved by using ISOT alone [51]. By comparing figure 8 (b) 
and 8 (f), it is seen that the switching time in the presence of 
ISTT and ISOT is less than when the switching occurs under ISTT 

alone due to incubation delay. To have a deterministic and fast 
switching as shown in figure 8 (e) and (f), the combination of 
ISTT and ISOT is applied. Although the incubation delay can be 
eliminated by SOT, it cannot complete the FL’s magnetization 
switching alone and it can only deviate mz from z-plane (e.g. 
mz = +z) to in-plane orientation. Hence, to complete the 
switching, ISTT should flow through the MTJ after cutting off 
ISOT because it leads to staying FL’s magnetization direction 
at in-plane orientation. In figure 8 (f), ISTT and ISOT are 100 µA 
and 150 µA, respectively. ISTT for designing the proposed 
synapse is considered 25 µA because FL’s magnetization 
direction can not switch without any contribution from ISOT. 

Figure 9 shows the IC versus the wHM which varies linearly 
with wHM. This means that the simulation results are 

Table 1. Simulation parameters  
Parameter Values 
MTJ radius  45 nm 
Free Layer Thickness (tFL) 0.7 nm 

Oxide Thickness (tMgO) 0.85 nm 
TMR0 120 % 

Spin Hall angle (η) 0.3 
Thickness of the HM (tHM) 3 nm 
Length of the HM (lHM) 130 nm 
Gilbert damping constant (α) 0.03 
Anisotropy field (Hk)  80000 Am-1 
Saturation magnetization (Ms) 880000 Am-1 
Voltage bias at TMR0 / 2 0.5 V 
Oxide barrier potential height 0.4 V 
Resistance-area product (R.A) 10-12 Ω. m2  
HM resistivity (𝜌) 200 µ Ω. cm 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

Figure 8 (a) Magnetization trajectory, ISTT = 100 µA and ISOT = 0 µA (b) mx, 
my, mz versus time, the pulse width of ISTT is 5ns. (c) Magnetization trajectory, 
ISTT = 0 µA and ISOT = 150 µA. (d) mx, my, mz versus time, the pulse width of 
ISOT is 0.5 ns. (e) Magnetization trajectory, ISTT = 100 µA and ISOT = 150 µA. 
(f) mx, my, mz versus time, the pulse width of ISOT, ISTT are 0.5 ns and 5 ns, 
respectively.  
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compatible with equation (7). If the wHM of MTJ1 (figure 3) is 
considered 90 nm, according to figure 9, the IC of MTJ1 (IC1) 
will be ~62 µA. As mentioned in section 4, the IC values for 
other MTJs can be defined based on IC1 in such a way that IC 
of the MTJn (ICn) is n × IC1 ,e.g. IC2 is 2 × 62 µA. wHM of other 
MTJs can be designed by using the equation of the fitting line 
that is shown in figure 9 (IC = 0.689 wHM - 0.2). It is worth 
mentioning that the effect of ISTT’s on the designing of wHM 
should be considered, because the current entering to the HM 
of MTJn is, ISOT + (n-1) × ISTT. Therefore, to design wHM for 
each MTJ, the values for ISTTs of the previous MTJs should be 
taken into consideration. To this end, based on the fitting line 
equation in figure 9, the wHM for nth MTJ can be calculated by 
wHMn = ((ICn + (n-1)× ISTT)-0.2) / 0.689. 

In this paper, seven MTJs are considered as an example to 
prove the concept. However, the number of MTJs may vary 
depending on the application, for instance, for pattern 
classification tasks, 13 to 19 states will be sufficient [52]. If 
the proposed synapse is utilized for such application, 16 states 
(15 MTJs) will be required (4-bit resolution). The range of 
input current in this work is 0 to 434 µA (the maximum critical 
current); hence, the difference between two consecutive IC is 
62 µA. When the proposed synapse is adapted for pattern 
classification tasks (with 15 MTJs), the difference between 
two consecutive ICs shall be reduced to 31 µA. To implement 
such modification, the widths of MTJn and MTJn+1 should be 
properly patterned to create 31 µA of difference between ICs. 
According to the fitting equation (wHMn = ((ICn + (n-1) × ISTT)-
0.2) / 0.689)), the new width of HMs will be wHM1 = 90 nm, 
wHM2 = 171 nm, wHM3 = 252 nm, etc. If 10% process variation in 
wHM is considered, the difference between wHMs should be 
greater than such process variation, which means in this case 
(15 MTJs); the process variation is not a limitation. 

Figure 10 represents the voltage of node D, ISOT_D, and 
ISOT_P over Td, showing how these parameters vary linearly 
with time. In these simulations, C, VDD, VRESET , VSET, and Vb1 
are selected as 5 pF, 1.8 V, 100 mV, 900 mV, and 500 mV, 
respectively. After Td, VPRE becomes high and turns on M2, the 
capacitor C is discharged to VRESET. As shown in this figure, 
ISOT_D and ISOT_P are proportional to the voltage at node D by 
assuming that the learning path is active during Td. Mx and My 
are properly sized to generate a current range of 54 µA to 473 
µA, meaning covers the range of critical currents (62 µA to 
434 µA) during Td. 

Figure 11 illustrates the simulation results of the STDP 
curve of the proposed multi-state SOT synapse. The x-axis is 
the time difference between the presynaptic and postsynaptic 
neuron spikes while the y-axis shows the respective synaptic 
weight change (ΔW). In this simulation, the weight is defined 
as the current that enters the postsynaptic neuron (can 
represent the equivalent conductance of synapse) and is 
created by the Vspike (100 mV). The stair-step plot in figure 9 
shows ΔW versus Δt (i.e. |tpre - tpost|) while the continuous line 

is a fitting curve that highlights the exponential trend of the 
ΔW over Δt. The observed results are in good compliance with 
the behavior predicted by the STDP rule (equation (1)) in both 
depression and potentiation modes. The analytical models for 
the fitting curves are as follows (equation (9)): 

𝛥𝑤 = 10.27exp (−
| |

.
)                                                        (9) 

 𝛥𝑤 = −31.9exp (−
| |

.
) 

Through a direct comparison between equation (1) and 
equation (9), it can be inferred that A+, 𝜏 , A- and 𝜏  are 10.27, 
2.78, -31.9 and 2.59, respectively. 

The average power consumption of the learning circuit 
during Td is 4.3 µW. For the LTD, the maximum energy 
consumption of the learning og each synapse is 1.965 pJ (434 
µA × 0.5 ns × 1.8 V + 7 × 25 µA × 5 ns × 1.8 V). The first 
term in the calculation of energy consumption is related to the 

 
Figure 9. The IC versus the width of HM.  

 
Figure 10. Variation of voltage of node D, ISOT_D and ISOT_P with time during 
Td with assuming the learning pass is open during Td. 

 
Figure 11. The variation of the weight versus the difference in spike times of 
a postsynaptic neuron (tpost) and presynaptic neuron (tpre). 
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maximum ISOT during 0.5 ns and the second term represents 
the energy consumption of ISTT = 25 µA via each MTJ in the 
multi-state SOT synapse for a duration of 5 ns. On the other 
hand, in the LTP, the maximum energy consumption in 
learning of each synapse is 2.356 pJ (2 × 434 µA × 0.5 ns × 
1.8 V + 7 × 25 µA × 5 ns × 1.8 V). It is obvious that the only 
difference between the energy consumption of the LTP and 
the LTD is due to Imax subtractor used in the LTP. 

7. Conclusion 

In this paper, the multi-state SOT synapse for 
implementation of a synapse is presented. In this structure, 
several three-terminal P-MTJs are connected through their 
HMs with different widths. These different size of HMs tune 
ICs of the three-terminal P-MTJs leading to diversifying the 
weight. In other words, in the learning phase, a current (ISOT) 
passes through the HM and depends on the amplitude of ISOT, 
the corresponding MTJs whose ICs are smaller than ISOT will 
be switched and the synapse weight will be updated. Multi-
state SOT synapse can relax the bi-state synapse issue 
observed in MTJs. Finally, to implement  the STDP learning 
algorithm by using the proposed synapse, the peripheral 
circuit is developed and designed.  
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