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Abstract—Spintronic technology promises to significantly in-
crease the efficiency and scalability of neural networks by em-
ploying optimized task-oriented device components that exhibit
intrinsic nonlinearity, temporal nonlocality, scalability, and electri-
cal tunability. In particular, the functional response of spin-transfer
torque oscillators can be designed to naturally emulate the building
blocks of neural networks, such as short-term memory, hierarchy,
and nonlinearity. We propose spin-transfer nano-oscillators as a
dynamic neuron that can be used in a neural network coupled
with a fully connected layer to perform classification tasks. In
this concept, successive nodes of the neural network correspond
to successive time steps, so that the nonlinearity and memory of
the system can be naturally exploited. The tunability of the device
allows to project initial configurations in well-defined regions of the
phase space where classification is easily performed. Furthermore,
training is performed using optimal control theory. We emphasize
that the devices benefit from more realistic models compared to
simpler analytical models and is robust against device-to-device
variations. We tested the performance of the network on two types
of datasets and obtained 99% accuracy. Although these systems
are computationally expensive, their hardware implementation is
simple and inexpensive.

Index Terms—Dynamical neurons, spin-transfer-nano osci-
llators, spintronics, time nonlocality.
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I. INTRODUCTION

HE ubiquitous use of neural networks on modern tech-
T nology demands the development of faster, scalable and
more efficient means to realize them. A proposed solution is the
use of optimized task-specific devices [1], [2]. Moreover, it has
been shown that exploiting the intrinsic functional response of
the devices, which can be tuned to model the required behaviors
of neural networks, such as non-linearity and short-term mem-
ory, allows for extremely scalable systems [3], [4]. The analog
implementation of neural networks is a growing field with a
growing number of proposals [4], [5], [6], [7], [8], [9], [10],
[11]. A challenge in the field is finding systems that are scalable,
can emulate the properties of a neural network and allow for an
inexpensive training of the network [4], [7], [9].

The inherent non-volatility, non-linear behavior, CMOS-
compatibility and scalability of spintronic devices put them on
the forefront of analog neural networks [12], [13], [14]. For
this reason, recently the field of Neuromorphic Spintronics has
been set [14], [15]. While the main efforts have been devoted
to developing reservoirs for reservoir computing, the idea to
use spintronic devices as dynamical neurons, where the control
parameters (current or field) are time domain functions, has not
been explored.

Here we propose a dynamical neural network where the
information is encoded in the power emitted by Spin Transfer
Nano-Oscillators (STNOs) [16], [17]. STNOs are nano-sized,
low power and highly tunable devices with well-stablished
fabrication processes and well-characterized behavior, thus they
provide a reliable platform for the realization of analog neural
networks [10], [18], [19], [20], [21], [22], [23]. On top of them,
those can be realized with magnetic tunnel junctions (MTlJs),
which are the basic element of the spin-transfer-torque MRAM
and are already commercially available [24], [25], [26], [27].
This application makes the research on improving MTJs very
active with the development of better deposition processes and
nanofabrication techniques which can be also used to make the
future generation of STNO with less device-to-device variation.
STNOs have been already used for magnetic sensors [21], [28],
[29], magnetic field-to-digital converters [30], Ising machines
[31], [32], reservoir computing [10], [22], and other neuromor-
phic computing paradigms [33], [34], [35].

Here, we consider the power emitted by an STNO corresponds
to a nonmonotonic function of the injected current which is

© 2023 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see
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Fig. 1. Sketch of the structure of the dynamical neural network. The dataset
is encoded as input power p(0) of the dynamic system. The state at the end time
Tena = nAt, p(n/At), is the input of a fully connected layer for classification
tasks. The control signal u(?) and the weights w are the trainable parameters.
(Bottom) Schematic of a STNO-based virtual neural network. (Bottom-right)
Basic hybrid unit that makes up the Neural Network: a CMOS component read
the power and obtain and inject the calculated current back into the STNO.
The resistance of the STNO depends on the relative orientation between the
magnetization of the free and fixed layer. In state-of-the art STNOs, the spacer
is a thin (< 1.2 nm) MgO tunnel barrier.

identified directly from the experimental data of [18] and [36].
We wish to stress that qualitatuive similar data have been mea-
sured in a range of different oscillator configurations. We pro-
pose a neural network architecture where each node corresponds
to a hybrid device that combines CMOS circuitry for electrical
reading, current calculation, and injection, along with an STNO
serving as the analog component responsible for generating the
non-linear and time nonlocal functional response. This unique
hybrid configuration capitalizes on the advantages of CMOS
technology, enabling precise electrical operations, while har-
nessing the STNO’s distinctive capabilities to deliver the desired
non-linearity and inherent memory. In the proposed dynamical
neural network, the STNO’s output power evolves dynamically
in response to the calculated input at each time step, which
corresponds to a linear combination of the power output from
the previous step. This dynamic evolution allows information
to propagate through the network, utilizing the stationary power
output of the STNOs at each time step as a means of conveying
information. For an overview of the proposed dynamical neural
network, see Fig. 1. The training of the network relies on the
physical properties of the network and modifies the input matrix
at each instance. This can be done by functional optimal control
theory [9] coupled with the backpropagation scheme.

We propose this dynamical neural network for simple clas-
sification tasks to show the feasibility of the approach driving
for a future experimental demonstration. The initial data set is
projected in a phase space that evolves in time such that at a final
step each class can be easily recognizable by a fully connected
layer. We highlight that this concept resembles the concept of
physical reservoir computing [10], [22], [37]. However, there
are key distinctions: (i) In our approach, different nodes are
represented by successive states of the device, enabling us to
fully exploit the system’s nonlinearity and memory. (ii) The
dynamical system itself is tunable, with control parameters

that vary over time. (iii) A time-evolving control parameter is
utilized to modulate the functional response, optimizing task
performance. (iv) Training can be accomplished using optimal
control theory. These characteristics give rise to a dynamical
neuron, which incorporates an activation function exhibiting
nonlocality in time. By time nonlocality, we refer to the intrinsic
memory of the system, wherein the properties of the initial state
strongly constrain the region of phase space for the final state.
[38]. Dynamical neurons offer significant advantages over exist-
ing reservoir computer proposals, providing greater versatility
and scalability without significantly increasing computational
costs. Notably, the current tunability [3], [17], [22], [39], [40] of
STNOs supports their implementation as dynamical neurons.

II. DYNAMICAL NEURAL NETWORKS BASED ON STNOS
A. Functional Response of STNOs

While we consider experimental data of STNOs published
in [18] for the calculations performed here, where the device
consists of two ferromagnetic layers of Permalloy (Py) separated
by an nonmagnetic layer of Copper (Cu), see Fig. 2(a) [18],
the results presented are fully generalizable to any other STNO
with a monotonic relationship describing power vs current as
we discuss ahead in the text. For the device in [18], the lower,
thicker, Py layer has a fixed magnetization direction, while in the
upper Py layer the magnetization is able to move in the presence
of external torques. The spins of an injected electrical current get
polarized by the fixed layer and interact with the magnetization
of the free layer through the spin transfer torque [41], [42]. The
unitary magnetization of the free layer, m, in the presence of the
spin torque behaves according to the LLG equation [16], [19],
[43]

dm
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where v is the gyromagnetic ration, H g is the effective magnetic
field, T is the dissipative torque, and
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is the Slonczewski-Berger torque, where ¢ is the dimensionless
spin-polarization efficiency, g is the Landé factor, 1 5 is the Bohr
magneton, / is the applied current, e is the electron charge, Mg is
the saturation magnetization of the free layer, L is the thickness
of the free layer, S is the area of the magnetic free layer, and
p is the direction of the magnetization in the fixed layer. If the
electrical current / is above a certain threshold /. it induces an
auto-oscillation of the free layer magnetization [19], [20]. In the
auto-oscillation regime, the magnetization rotates with a fixed
component along a direction defined by the effective magnetic
field and the vector p with an emitted power proportional to this
component. This behavior has been experimentally observed
[18] and analytically described [19]. According to the analytical
model developed on [19] and based on (1) and (2), the stationary
power p of an STNO with an injected current / is given by

(I - Ic)
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Fig. 2. (a) The STNO structure of experiment performed in [18]. (b) A com-
parison of the power vs current relationship, experimental data corresponding to
the data in [18] measured for an applied perpendicular magnetic field of 10kOe
(black line); phenomenological models described by (4) (blue line) and the
model described by the (3) and developed in [17] (red line), both with a critical
current of —6 mA and Q equal to 0.1. (¢) A comparison of the experimentally
obtained power vs current from [36] (black line) and the fitted model from (4)
(blue line). The critical current is —10 pA and Q equal to 0.3. The inset shows
the STNO configuration studied in [36].

where Q is a measure of the non-linearity of the system. Real
devices, however, present an exponential tail near the critical
current that is not captured by (3) [18], see Fig. 2(b). As seen in
experiments, the analytical model captures well the power curve
away from the critical current, but fails to predict the behavior
near /.. The observed tail in the vicinity of /. is due to specific
experimental conditions and material properties of the STNO.
Therefore, we propose a phenomenological model given by

(14 tanh (af — b)) (I —1I.)
2 (I+QlL.)

p(I) = “)
which is based on the model of [19] with a prefactor function
where a and b are fitting parameters identified directly by the
experimental data and that includes the behavior near the critical
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current. The prefactor function can have different expressions
according to the power vs current characteristic of the STNO
used as dynamical neuron and includes a higher non-linearity
which better describes the proposed device behavior. We have
observed that this prefactors works for many experimental data
on STNO published in literature [35], [44], [45], [46].

The power emitted by the STNO can be obtained by analyzing
the component of the magnetization of the free layer in the
direction of the magnetization of the fixed layer, see next section
for more details. The power output can be measured electrically
[21], [28], [47].

B. Dynamical Neuron

The information in the dynamical neural network is encoded
in the stationary power output of the &£ STNOs at each instance in
time, p(t) = {p1(t),...,pr(t)}, which evolve iteratively over
time according to

pi(t+At) =p(Li(p (1)) )

Here the input current at the ¢-th STNO, /;, is a linear function
of the power outputs of all the STNOs in the previous time step,

2

k
Le®) =X A4 0n0+B0] . ©

The matrices A(¢) and vectors B(#) correspond to controllable
external parameters. The input data is projected into the initial
configuration of the system by assigning a correlated power
output for a set of STNOs. For example, given an image with
continuous values for each pixel, we assign an STNO to each
pixel, and the value of the pixel corresponds to a normalized
value of the power output of the respective STNO. The system
then evolves as a functional response to the external parameters
A(f) and B(?), such that at a final time 7,4, the configuration
of the system allows for an easier classification of the input
data with a simple artificial neural network. The training of the
dynamical neural network follows the optimal control theory
developed in [9].

In general, the basic idea of the optimal control theory is to
minimize a certain measure given a certain set of constraints
[48], [49]. Specifically in the learning algorithm developed in
[9], the authors demonstrated a method to minimize the loss
function, which measures the accuracy of a neural network,
imposing as constraints the equations of motion of the dynamical
system. This physically inspired method leverages the impact
of tunable external perturbations, in the case of this manuscript
given by A(¢) and B(¢), to control the dynamics of the physical
system such that at a final time step one obtains a configuration
that minimizes the loss function. It relies on finding the optimal
set of external perturbations that drives the system to an optimal
and easily classifiable configuration.

This learning algorithm, therefore, requires prior knowledge
of the power output curve p(/) of the STNOs in the network,
to find the optimal set of A(f) and B(#). In realistic conditions,
the specific power curve for each STNO, which depends on
the specific composition and structure of the devices, can be
generated before the training process.
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Fig. 3. (a) Spiral dataset for binary classification with classification in two

regions identified by the colors blue and red. (b)—(d) final state p(Tcy,q4) for three
different epochs during the training. (d) shows the distribution of the last training
epoch, where a linear separation of the data is obtained.

C. Scalability

State-of-art STNOs further increase the scalability of the
dynamical neural network by requiring lower currents and no
applied external magnetic field [36], [46]. In Fig. 2(c), we
considered the experimentally realized STNO from [36], where
the authors reported STNOs based on a magnetic tunnel junction
configuration. The device consist of magnetic stacks of CoFeB
separated by a tunnel barrier of MgO, see Fig. 2(c) inset. In
the experiments performed, the authors obtained microwave
emission with large output power, peak on the order of 10 nW,
excited at ultra low currents, I, ~ —10uA, and in the absence
of external magnetic fields. It was also shown that thinner free
layers poduce even higher power outputs at lower currents. The
power output curve and the phenomenological model from (4)
is plotted on Fig. 2(c) for a comparison. Moreover, we mention
that the full experimental results reveal a greater non-linearity
of the emmited power curve which can increase the accuracy of
the dynamical neural network while decreasing the computation
costs in term of energy for larger problems.

D. Results

We verified the performance of the STNO dynamical neural
network with two simple classification tasks, see Figs. 3 and
4. First, we consider the binary classification problem given
by data spread on a spiral, labeled in two categories as already
presented for an optical-based solution [9]. This abstract dataset,
made up of 1000 points, is divided into two: 80% of the data
is used for the neural network training and 20% for testing.
In this case, we mapped the two coordinates of the points on
the spiral to the power output of two STNOs. The accuracy at
the end of the training reaches 93.88% for the training set and
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Fig. 4. Average accuracy as a function of the standard deviation of the
parameter a. The inset on the bottom right shows the probability distribution
of the possible a values and the meaning of the standard deviation . Notice that
a standard deviation o = 1, means that a can take values between 0 and 8.
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Fig. 5. Accuracy and Loss versus number of epochs for training and testing

of the networks.

92% for the test set. Fig. 3(a) shows the results of the binary
classification. Fig. 3(b)—(d) shows the final state p(T.,q) for
three different epochs during the training of the network. As we
can see in Fig. 3(d), at the end of the training the spiral dataset
is disentangled and becomes linearly separable.

To assess the robustness of the proposed network against
device-to-device variations, a statistical analysis was conducted
on the network’s accuracy in relation to deviations from the
fitting model. A trained network, utilizing the fitting parameters
employed for Fig. 3, was subjected to a classification task using
devices that deviated from the training fitting model. Each device
was characterized by a distinct value of parameter a in (4),
drawn from a normal Gaussian distribution. Fig. 4 illustrates the
average accuracy of 10000 runs for the classification task, plotted
against the imposed standard deviation of the a parameters for
each device. Remarkably, the network maintains high accuracy
for deviations up to o = 0.25. Consequently, it can be concluded
that minor disparities between device behavior and the fitting
model have minimal impact on device performance.
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In the second case, we trained the network to recognize the
categories of the “DIGIT” database, consisting of 1797 images
of handwritten digits from 0 to 9, and image size of 8 x 8 pixels.
The values for each of the 64 pixels were mapped to the power
output of 64 STNOs. Also in this case, we divided the dataset
into two: 80% of the data is used for the neural network training
and 20% for testing. The accuracy obtained during training was
99.16% while the accuracy of the test was 97.5%. Fig. 5 shows
the results in terms of accuracy and loss for the training and the
test set, as a function of the number of epochs for the “DIGIT”
database recognition.

To perform these tests, we consider a set of identical STNOs
with a power output, (4), curve givenbya=4,b=5,1, =1,
and Q = 2.

III. SUMMARY AND CONCLUSION

The continuous development of spintronic technology and the
performance of spintronic devices in terms of power consump-
tion together with their intrinsic nonlinearities are the engine of
development of neuromorphic spintronics which aims to design
and realize spintronic-based energy-friendly hardware building
block of neuromorphic computing. Here, we propose a new
functionality for STNO realizing dynamical neurons which are
characterized by an activation function which can be related to a
differential equation. The main advantages of these devices are
scalability, nanoscale size (those are the smallest auto-oscillators
known in nature) [16], and potentially with a reduced cost
being CMOS compatible. We show that the standard training
algorithms based on functional optimization are sufficient to
train the dynamical network implemented with a fully connected
network of STNOs. We have tested the STNO dynamical neural
network with two sets of data, including the “DIGIT” database,
for digit recognition. The network achieved an accuracy of 99%
for the latter. Those results achieved for a simple dataset are
the proof-of-concept of the idea and we believe can motivate
experimental efforts on developing a hardware implementation
of this network. It is expected that a hardware implementation
can be realized.

As an outlook, leveraging the transient dynamics of the spin-
tronic component presents challenges that can be overcome
through proper modeling and efficient calculation and modu-
lation of external inputs. Addressing these challenges would
greatly increase device efficiency and speed, benefiting from the
nonlinear nature and fast characteristic time of magnetization
dynamics.
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