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Stochastic Synapses Made of Magnetic Domain Walls
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The stochastic artificial neural network is widely studied nowadays, since it may address the critical
issue of uncertainty quantification demanded in many application scenarios. At the hardware level, it
calls for devices that can emulate stochastic weight-modification behaviors of synapses with high effi-
ciency. In this work, we propose a stochastic spintronic synapse based on spin-torque-induced stochastic
magnetic domain-wall (DW) dynamics, including stochastic DW generation by spin-transfer torque and
deterministic DW motion induced by spin-orbit torque. The former plays the role of updating the synaptic
weights stochastically, while the latter gives rise to multistates, namely, the analog property of the synapse.
The proposed DW-based stochastic synapse requires few devices to implement sufficient resistance states.
The neural-network-level simulation demonstrates that a spiking neural network based on these stochastic
synapses is capable of classifying breast cancer data with a high accuracy of 95.7%.
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I. INTRODUCTION

Recent developments of artificial intelligence and
machine learning have attracted significant interest owing
to the successful application of the artificial neural network
(ANN) and deep learning in numerous fields [1]. Although
excellent performance is demonstrated for many bench-
mark tasks, ANN and deep-learning systems generally
require very intensive computation in the implementa-
tion. Moreover, they are not quite capable of quantifying
uncertainty, which plays a fundamental role in making pre-
dictions from the usually incomplete, inaccurate, and even
contradictory input information of the real world [2]. For
this aspect, probabilistic computing provides an effective
adoption for uncertainty quantification in the imperfectly
sensed and uncertain world [3]. By applying probability
theory to evaluate uncertainty with a predictive model,
probabilistic computing empowers us to infer unknown
quantities, make predictions, and learn from data.

At the hardware level, a probabilistic ANN calls for
neuromorphic devices that implement stochastic firing
or synaptic weight update. However, utilizing silicon
complementary metal oxide semiconductor circuits to
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construct a probabilistic spiking neural network (SNN)
always requires excessive energy and size. Therefore,
exploring a stochastic SNN made of materials other than
silicon has attracted wide attention, especially for stochas-
tic artificial neurons. For example, Tuma et al. showed
that stochastic phase-change neurons could achieve the
temporal integration of postsynaptic potentials [4]. Wang
et al. utilized stochastic neurons made of a CuS/Ge4Se6
conductive bridge to carry out Bayesian inference [5].
In addition to neurons, the synapse also plays a funda-
mental role in a SNN. A synapse provides adjustable
weights for manipulating the connection between pre- and
postneurons [6].

In recent years, spintronic devices have emerged to sim-
ulate neurons and synapses with high processing speed and
low dissipation [7]. A typical example is mimicking the
functions of neurons and synapses by exploiting resistance
variation due to the motion of magnetic textures, such
as skyrmions [8–13] and the domain wall (DW) [14–19].
Here, the DW is an ideal candidate for an artificial synapse
thanks to continuous and nonvolatile resistance variation
owing to DW motion. Especially, stochasticity can also
be introduced into the DW-based synapse by exploiting
the edge roughness and thermal fluctuation [15–19]. This
stochasticity leads to the uncertainty in resistance mea-
surement, and it appears to be challenging to control in
experiments.
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Here, we propose another stochastic magnetic DW-
based synapse, where probabilistic weight updating is
realized by utilizing the spin-torque-induced stochastic
DW dynamics, including probabilistic DW generation by
spin-transfer torque (STT) [20–22] and deterministic DW
motion induced by spin-orbit torque (SOT) [23,24]. The
probability for DW generation results from thermal fluc-
tuation, and it can be controlled between 0 and 1 by
modifying the current density for nucleating the DW. Not
only do the multiple nonvolatile resistance states outline
the DW-tuning devices as promising artificial synapses,
but also the stochastic DW dynamics is exploited for
constructing synapses with probabilistic learning obeying
the spike-time-dependent-plasticity (STDP) rule [25]. The
proposed stochastic synapse device is implemented in a
SNN simulation to classify the breast cancer dataset under
unsupervised learning, and the accuracy reaches 95.7%.

II. MODELS AND METHODS

We consider current-induced DW dynamics in a heavy-
metal (HM)/ferromagnetic metal (FM) bilayer nanostrip
[Fig. 1(a)]. Here, the FM layer exhibits perpendicular mag-
netic anisotropy. Under a perpendicularly injected spin-
polarized current, a DW is first generated in the FM layer
near the end of the nanostrip due to the STT effect [20].
This spin-polarized current can be generated by passing
a current through the pinned FM layer of a spin valve or
injecting a current from a nanoscale FM tip [21]. At 0 K,
a DW deterministically forms when the current density is
higher than a fixed critical value. At temperatures above
0 K, however, DW generation is probabilistic over a range
of current density due to thermal fluctuation [22]. After
DW formation, another longitudinal current is injected
along the nanostrip to trigger deterministic DW motion
[23]. This DW motion is based on the SOT effect due
to the spin Hall effect in the HM layer or the Rashba
effect at the HM/FM interface [24]. Different DW positions
in the nanostrip correspond to different resistance values,
which can be characterized by measuring the anomalous
Hall resistance [26] or tunneling magnetoresistance [27].
The combination of probabilistic DW formation and deter-
ministic DW motion is the basis for the stochastic weight
adjustment of the DW-based synapse.

In the FM layer, magnetization initially points along
the −z direction, corresponding to minimal weight ωdown.
In a long-term-potentiation (LTP) process, current J 1 is
first applied along the +z direction near the left end of
the nanostrip (l × 100 nm2) to generate a DW (up DW)
with probability πup at 300 K. Here, l is the length of
the region for the injection of spin-polarized current. We
find that a stable DW can be generated when l is longer
than 10 nm, and the time for this DW generation is shorter
than 1 ns, even when l is 50 nm. Therefore, l is fixed at
50 nm. After generation of the DW, current J 2 is applied

along the +x direction. If there is an up DW generated in
the previous stage, the up DW will be driven with a lin-
ear increase of the displacement with the pulse number
[Fig. 1(c)]. When the up DW moves to the rightmost end
of the nanostrip, the weight reaches its maximum value,
ωup. In a long-term-depression (LTD) procedure, current
J 3 along the −z direction and current J 4 along the −x
direction are applied to generate a DW (down DW) at the
right end of the nanostrip with probability πdown and drive
it back along the −x direction. The procedure of weight
updating mapped from the stochastic DW formation and
deterministic DW motion is illustrated in Fig. 1(d).

We exploit the software “Object Oriented MicroMag-
netic Framework” with a code of thermal fluctuation to
simulate the stochastic DW dynamics. The simulation
is based on numerically solving the augmented Landau-
Lifshitz-Gilbert equation [28]:

d �m
dt

= −γμ0 �m × �Heff + α

(
�m × d �m

dt

)
+ �τSTT + �τSOT.

(1)

Here, �m = �M/MS is the normalized magnetization vec-
tor and MS is the saturation magnetization; γ is the
gyromagnetic ratio of electrons; µ0 is the vacuum per-
meability; α is the damping constant; and �Heff is the
effective field, including the exchange, demagnetization,
anisotropy, Dzyaloshinskii-Moriya interaction (DMI), and
thermal fluctuation. Here, thermal fluctuation behaves as
white noise with an effective field with fluctuation follow-
ing a Gaussian distribution. The average of the fluctuation
field is zero, and the square of the standard error can be
estimated by [29]

σ 2
thermal = α

1 + α

2kBT
γμ0MSV

. (2)

Here, T is temperature, kB is the Boltzmann constant, and
V is the volume of the FM layer. The dampinglike STT is
given by [28]

�τSTT = γ�JP
2edMs

�m × (�m × �mσ ). (3)

Here, � is the reduced Planck constant, J is the current
density, P is the spin-polarization degree, e is the electron
charge, d is the thickness of the FM layer, and �mσ is the
unit vector denoting the spin orientation of a spin-polarized
current. The dampinglike SOT is described as [28]

�τSOT = γ�θSH

2edMs
�m × [�m × (�ez × −→

J HM)]. (4)

Here, θSH is the spin Hall angle. �JHM = (JHM, 0, 0) with
J HM as the current density in the HM layer. �ez is the
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(a) (b)

(c) (d)

FIG. 1. Schematic of a stochastic DW memristor model. (a),(b) Probabilistic up- (down-) DW generation in a HM/FM heterostruc-
ture near the left (right) end of the track by STT, (c) DW motion under current pulses by SOT, (d) weight change mapped from resistance
states. In the LTP (LTD) stage, weight increases (decreases) with probability πup (πdown) owing to up- (down-) DW generation, and
then it determinedly increases (decreases) under more of the same types of current stimuli.

unit vector along the thickness direction of the HM/FM
bilayer.

The parameters for the simulation are as follows: the
dimensions of the FM layer are 1024 × 100 × 1 nm3 with
a cell size of 4 × 4 × 1 nm3. T = 300 K and α = 0.27.
MS = 9.1 × 105 A m−1 [30]. θSH = 0.4 [31]. P = 0.4.
The exchange stiffness constant (A) is 2 × 10−11 J m−1.
The magnetic anisotropy constant (K) is 2 × 106 J m−3.
The DMI constant (D) is 1.5 mJ m−2.

III. RESULTS AND DISCUSSION

The electrical conductance of a DW memristor lin-
early changes with magnetization, which is proportional
to the ratio between the red and blue areas, as indicated in
Fig. 2(a). Figure 2(b) shows that the probability for DW
formation can be controlled by changing J 1 or J 3. Ini-
tially, magnetization points along the −z (+z) direction,
and the current pulse is perpendicularly injected at the
left (right) end of the strip with a 1-ns width. The simu-
lation is repeated 100 times. We calculate the probability
for DW formation by dividing the time of DW formation
by 100, and we find that at 300 K this probability as a
function of J 1 or J 3 can be fitted by a sigmoidal function.

However, at 0 K, the DW is deterministically generated
when the current density is higher than a critical value at
6.55 × 1012 A m−2 [Fig. 2(b)].

We consider a device with mz = −1 as the initial state.
After applying current J 1, the DW may not form, so noth-
ing will be driven, and the average mz is kept constant
under subsequent J 2 and J 4 [the lower line in Fig. 2(c)].
Once a DW is generated, the DW can be further driven.
Here, we use four different J 2 and J 4 to drive a DW
10 times, and the average mz and standard deviation (the
error bar) are shown in Fig. 2(c). During the initial 0–3 ns,
the current is along the +x direction and the DW moves
from left to right. During the subsequent 3–6 ns, the DW
moves in the opposite direction with converse variation of
mz. The DW moves at a higher velocity under a larger
current density with a smaller error bar. In addition to
the stochasticity from thermal fluctuation, the edge rough-
ness is another source of stochastic DW motion [18,19].
This edge roughness can be quantified by the random dis-
tribution of track width with a standard deviation σ SD.
Stochastic DW positions are seen at σ SD= 5 nm in a 100-
nm-wide track under a current density of 1.0 × 1012 A m−2.
However, this stochastic DW position can be clearly
depressed by moderately enhancing the current density to
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FIG. 2. Simulated stochastic DW generation and deterministic DW motion. (a) Snapshots of DW generation and motion under
currents with various orientations. (b) Relationship between the probability of DW generation and current density J 1 or J 3 at 0 and
300 K. Probability of DW generation is estimated through repeated simulation 100 times at each current density, and that at 300 K
can be well fitted by sigmoidal curves. (c),(d) Variation of mz with respect to DW motion at different current densities and standard
deviation (σ SD) for edge roughness. (e),(f) Stability of the DW stopping at different positions, and the influence of anisotropy energy
or edge roughness on DW stability.

2.5 × 1012 A m−2 [Fig. 2(d)]. In a real application, the edge
roughness can also be inhibited by exploiting an advanced
fabrication technique like electron-beam lithography.

After driving a DW to different positions and removing
the current, the DW stays for more than 100 ns, and the
thermal effect causes the fluctuation of the DW position
[Fig. 2(e)]. The stability of the DW position after removing
the current is critical, since it determines the volatility and
errors in the resistance manipulation. We show that this
stability can be significantly improved by enhancing the
anisotropy energy and edge roughness [Fig. 2(f)].

Based on the spin-torque-induced stochastic DW
dynamics, we can construct a DW-based synapse with
weight being stochastically adjusted. In a deterministic
synapse, the weight is certain to be modulated when the
strength of external stimulation exceeds a critical value.
But if the weight adjustment is stochastic, the adjustable

states may be many more than that of a determinis-
tic counterpart with the same device size. For example,
for a deterministic binary memristor with two weights 0
and ω, a synapse made of N memristors has two states:
0 and N × ω. Nevertheless, if the weight adjustment is
stochastic, there will be N + 1 possible weights: 0, ω,
2ω . . . N × ω [32]. More generally, for a stochastic X -state
memristor, the synapse made of N memristors can provide
N × (X − 1) + 1 weights.

We test the learning ability of a stochastic DW synapse
by the simulation using the software “Python3.10.0.” The
conductance, G, is mapped to the synaptic weight, ω,
according to the equation ω = (G − Gmin)/(Gmax − Gmin)

× (ωup − ωdn) + ωdn, where Gmax and Gmin mean the
maximum and minimum conductance, respectively. Here,
we set ωdown = 0, ωup = 1, and πup = πdown = 0.5. nup = 5
(ndown = 10), which means the DW will reach the rightmost
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(leftmost) end after 5 positive (10 negative) pulses in the
LTP (LTD) procedure. During the test, 100 pulse pairs
consisting of 80% LTP events and 20% LTD ones are
first applied. Subsequently, another 100 pulse pairs made
of 20% LTP events and 80% LTD ones are injected.
The operation is repeated twice (green and pink lines in
Fig. 3). One can see that, because of stochastic updat-
ing, the weight adjustments for the two training procedures
can be different [Fig. 3(a)]. However, the twice-weight
adjustments are the same for πup =πdown = 1 [Fig. 3(b)].

Based on stochastic weight manipulation of the DW
synapse, we further investigate its application in a SNN.
Figure 4(a) shows the structure of a stochastic synapse
composed of N parallel memristors between the input
neuron, yi, and the output one, zk. The maximum weight
is ωmax= Nωup, and the minimum one is ωmin= Nωdown.
Initially, no DW is generated, and the median weight is
(ωmax + ωmin)/2.

Current J 1 along the +z direction is first applied at the
left ends of all the memristors, and the up DW forms at
probability πup. Afterwards, current J 2 is applied to drive
DWs along the +x direction, which increases the total
weight. The weight increase at each pulse can be adjusted
by changing nup. Finally, the magnetization becomes +1
and the weight reaches its maximum value, ωup. In the
LTD stage, current J 3 along the −z direction is applied
at the right end, while the down DW is generated only in
the memristors with mz = 1. After that, current J 4 triggers
all DWs to move along the −x direction. Owing to the
stochastic DW generation and deterministic DW motion,
the weight change includes not only the newly gener-
ated DWs, but also all the DWs formed in the previous
stages.

Quantitatively, the stochastic weight updating under
each current pulse is related to the number varia-
tion of the memristors in different states. In a LTP
process, the state is expressed as ωP = 0, 	ω/nup,
2 × 	ω/nup . . . nup × 	ω/nup, corresponding to states
labeled by j = 0, 1, 2, 3 . . . nup. Here, 	ω =ωup−ωdown,
which indicates the weight difference between mz = 1 and
mz =−1. We denote the number of memristors in the j th
state as mj .

The LTP weight updating for the j = 1 state is ΔW1 =
(m0πup − m1)(Δω/nup). Here, the first term indicates the
newly increased memristors at the j = 1 state from stochas-
tic DW generation in m0 memristors. The second term
describes the weight adjustment from the m1 memris-
tors with the transition from the j = 1 state to the j = 2
one by deterministic DW motion. When nup > j > 1,
ΔWj = (mj −1 − mj )(j Δω/nup), which includes the tran-
sition from the (j − 1)th state to the j th one of the mj −1
memristors and that from the j th state to the (j + 1)th one
of the mj memristors based on deterministic DW motion.
For the largest j = nup, ΔWnup = mnupΔω. The total weight
adjustment in the LTP procedure is ΔWLTP = ∑nup

j =1 ΔWj .

Similar weight modification in the LTD process can also
be derived by considering a different initial state.

Based on the above discussion, the total weight adjust-
ment satisfies the dynamics equation:

d
dt

Wki = sk(t)[mPTPωPyi(t) + mDTDωD(1 − yi(t))]. (5)

Here, sk(t) and yi(t) are the spiking signals from the post-
and preneurons, respectively. The first term at the right-
hand side of Eq. (5) depicts the LTP process with mP =[
m0 · · · mj · · · mnup

]
,

TP =

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

−πup πup 0 0 · · · 0
0 −1 1 0 · · · 0
0 0 −1 1 · · · 0
...

. . . . . . . . . . . .
...

...
. . . . . . . . . . . . 1

0 0 · · · · · · · · · 0

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

,

and

ωP =

⎡
⎢⎢⎢⎢⎣

0
Δω/nup

2 × Δω/nup
...

nup × Δω/nup

⎤
⎥⎥⎥⎥⎦ .

The second term at the right-hand side of Eq. (5) describes
the LTD process with mD = [

m0 · · · mj · · · mndown

]
,

TD =

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

0 0 0 0 · · · 0
1 −1 0 0 · · · 0
0 1 −1 0 · · · 0
...

. . . . . . . . . . . .
...

...
. . . . . . . . . −1 0

0 0 · · · · · · πdown −πdown

⎤
⎥⎥⎥⎥⎥⎥⎥⎦

,

and

ωD =

⎡
⎢⎢⎢⎢⎣

0
Δω/ndown

2 × Δω/ndown
...

ndown × Δω/ndown

⎤
⎥⎥⎥⎥⎦ .

It is noticed that if πup = πdown= 0, mP =[
N/2 0 · · · 0

]
, and mP × TP = [

0 · · · 0
]
, so does

the LTD term. Obviously, the weight cannot update. When
π =πup = πdown= 1, the DWs will be simultaneously gen-
erated in all the memristors. Under these circumstances,
mj = Nj is the number of memristors for the j th state and
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(a) (b)pup = pdown = 0.5 pup = pdown = 1.0

FIG. 3. Comparison of weight tuning between (a) a stochastic DW synapse with πup=πdown= 0.5 and (b) a deterministic one. In a
STPD pairing simulation, 200 programming pulses are applied to a single synapse, where during the first half 80% potentiative and
20% depressive pulses are imposed stochastically, while during the second half the ratio of the two types of pulses is reversed. In both
(a),(b), the training procedures are repeated twice (green and pink lines).

0 for the other states. Equation (5) can be converted into

d
dt

Wki = Nj 	ωsk(t)
[

yi(t)
nup

+ [1 − yi(t)]
ndown

]
.

Compared with this deterministic circumstance, the
introduction of probability significantly improves the
flexibility of the weight manipulation for a synapse.

As an example in an application, we implement a
stochastic DW synapse in a SNN to classify a breast tumor.
We choose Wisconsin breast cancer data for unsupervised
learning by the software Python3.10.0. This dataset con-
sists of 699 instances with 9 features [33]: clump thickness,
uniformity of cell size, uniformity of cell shape, marginal
adhesion, single epithelial cell size, bare nuclei, bland
chromatin, normal nucleoli, and mitoses. In our neuron
network, each feature value (1–10) is encoded by 10 Pois-
son neurons yi (0 ≤ i ≤ 9). Therefore, 90 input neurons are
exploited. Among all the 699 instances, 399 are randomly
selected for training and the rest are for testing.

Figure 4(b) shows the SNN model for this applica-
tion. It consists of 2 layers: an input layer (90 neurons)
and an output one (2 neurons with mutual inhibition).
When a feature value is input, the corresponding input
neurons fires at a spiking rate that is proportional to the
feature value, while other input neurons stay silent. The
leaky-integrate-fire model is adopted for the output neu-
rons [34]. The input current through the synapse integrates
as the membrane potential of the output neuron, and the
accumulated potential continuously leaks a small amount.
When the membrane potential reaches the threshold volt-
age, a postneuron fires, and the potential is then reset.
The weight adjustment by a simplified STDP rule is also
illustrated in Fig. 4(b). After preneuron yi spiking, if post-
neuron zk is spiked within the time window, potentiation
occurs and the weight, Wki, between yi and zk increases by
	ω/nup. Instead, if zk is spiked out of the time window, Wki
decreases by 	ω/ndown.

To effectively classify a tumor, a moderate probabil-
ity between 0 and 1 is necessary for this application. If
π = 0, since no DW forms, the network cannot work.
When π = 1, the network fails to work either, because
there will be no difference between two outputs for the
same inputs and two identical deterministic synapses with
the same initial weight (zero-DW state). Once an input
signal accumulates to the threshold, both output neurons
spike simultaneously, and both weights update without any
difference. Thus, it cannot recognize data well.

We consider a SNN with seven (N = 7) HM/FM mem-
ristors in one synapse (ωmax= 0.04 and ωmin= 0). The
weight of each device varies from 0 to ωmax/N. Among
the seven devices, the initial mz is +1 in four devices
and −1 in the other three. nup= 15; ndown= 90, and
πup =πdown= 0.1–0.9. After 3 epochs, the accuracy of the
network converges to equilibrium. The average accuracy
of the last 7 epochs can be tuned by changing the probabil-
ity (π =πup = πdown) [Fig. 4(c)]. The SNN of this synapse
is able to classify the breast cancer dataset with an accu-
racy exceeding 90% when the probability is 0.1–0.9. The
highest accuracy reaches 95.7% at π = 0.7. On the other
hand, the difference between nup and ndown also influences
the accuracy. The accuracy varies around 90% by chang-
ing the ratio between nup and ndown at π = 0.5 [Figs. 4(d)
and 4(e)].

Finally, energy consumption (Joule heat) of the DW-
based synapse system is estimated by EJ = I 2Rt, with I,
R, and t as the current, resistance, and time, respectively.
Therefore, energy consumption is influenced by current
density, the size and resistivity of the device, and the
velocity of DW motion. For SOT-induced DW motion, we
calculate the energy consumption in a heavy metal layer,
such as W, with a resistivity of 30 × 10−8 � m [35] (The
shunting current in the ultrathin FM metal layer is gen-
erally neglected [19].) We find that in a W layer with
dimensions of 200 × 20 × 5 nm3, when the current den-
sity for driving the DW is around 3 × 1011 A m−2, the
DW can move by 200 nm within 3 ns. This gives rise
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(a)

(b) (c)

(e)(d)

FIG. 4. SNN with stochastic DW synapses
and its application for medical diagnosis.
(a) Stochastic synapse composed of N nanos-
trips between input neuron yi and output one
zk. (b) SNN constructed by the stochastic
DW synapses connecting input neurons and
output ones, and its application in the classi-
fication of the Wisconsin breast cancer data
[33]. Inset shows the weight updates through
the probabilistic STDP rule. (c) Accuracy
of the classification after 10-epoch learning.
Dots represent the average accuracy of the
last 7 epochs, while red error bars denote
standard deviations. (d) Accuracy of the clas-
sification as a function of ndown at a fixed
nup (nup = 15) and (e) ndown at a fixed nup
(ndown = 90).

to energy consumption less than 2 fJ. In DW generation
by STT, the current is injected in a region with a dimen-
sion between 200 and 2000 nm2 with a current density
around 5 × 1012 A m−2, and the energy consumption is
at a magnitude of tens of fJ. This is slightly higher than
the voltage-assisted DW-based synapse [19] but still much
smaller than traditional synapse devices at a magnitude of
pJ [36].

IV. CONCLUSION

We propose a multistate nonvolatile artificial synapse
based on spin-torque-induced probabilistic generation
and deterministic motion of magnetic DWs. Because of
stochastic DW generation at 300 K, the weight can be
adjusted over a wide range with very few memristors. As a
typical example of an application, this stochastic synapse
model is used in a SNN to classify breast cancer, and the
highest accuracy reaches 95.7%.
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