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Abstract—Spin torque oscillator (STO) nanodevices have 
been brought into focus of engineering hoping they could 
provide for a platform of computation beyond Moore’s 
law. In this paper we show two case studies where an 
associative memory (AM) cluster was built based only on 
cellular spin-wave interactions between simplified STO 
macro models. We show two examples how these 
Oscillatory Cellular Nonlinear Network (O-CNN) arrays 
can be used for AM problem-solving. They can increase 
separability, hence increase classification accuracy. We 
also describe the three essential consecutive components 
of the full AM architecture from sensing till classification: 
(1) a CMOS preprocessing unit generating input feature 
vectors from picture inputs, (2) an AM cluster generating 
signature outputs composed of spin torque oscillator 
(STO) cells and local spin-wave interactions, as an 
oscillatory CNN (O-CNN) array unit, applied several 
times arranged in space, and (3) a classification unit 
(CMOS). 
 

Index Terms—spin torque oscillators, synchronization, 
weakly coupled oscillators, cellular nonlinear network 
(CNN), cellular nanoscale network, associative memory 

I. INTRODUCTION  
Spintronics is an emerging technology having its origins 

from ferromagnet/superconductor tunneling experiments and 
initial experiments on magnetic tunnel junctions by Julliere in 
the 1970s [1]. Spin-polarized current can be generated easily 
by passing the current through a ferromagnetic material. In 
1996 Slonczewski predicted the spin-transfer phenomenon [2]. 
Recently this phenomenon has been the subject of extensive 
experimental and theoretical studies. First, it has been shown 
that a spin-polarized current injected into a thin ferromagnetic 
layer can switch its magnetization. More recently it has been 
experimentally demonstrated that under certain conditions of 
applied field and current density, a spin-polarized DC current 
induces a steady precession of the magnetization at GHz 
frequencies, i.e. the magnetic precession is converted into 

micro-wave electrical signals. We will refer to these nonlinear 
oscillators as spin torque nano-oscillators (STO). They emit at 
frequencies which depend on field and DC current and can 
present very narrow frequency line-widths. In this article we 
consider a physical macro model [7] that describes permalloy 
STOs with a spin-polarized current. 

In searching for the new nanoscale devices [3] that can be 
integrated, looking for alternatives beyond CMOS technology, 
and decreasing significantly the power dissipation, spin torque 
oscillator (STO) devices seem as outstanding candidates [10]. 
The question is: can they be integrated and can they solve 
some significant problems with a physically realizable 
architecture? In nanoscale computing systems, the virtual and 
physical machines are to be clearly identified, and their 
relationships in a one-to-one mapping should be defined [5]. 
Due to the physical constraints, Cellular Nonlinear Network 
(CNN) architecture [4, 5]] seems natural. Unlike in earlier 
mainstream CNN applications, here the locally connected cells 
are oscillators, actually, the STOs. Hence, we will use a one 
dimensional oscillatory CNN (O-CNN) with a couple of rows 
(1-3). The schematic of the OCNN architecture can be seen on 
Fig 1.  

 
Figure 1, The schematic description of the O-CNN 

architecture. The configurable parameters are the distances  
between the rows (dr) and the columns (dc). The cells are 
oscillators and it processes an n long feature vector, resulting 



an n-1 long signature vector. The one dimensional O-CNN 
contains only one row. 

A one row O-CNN will be here our basic building block. 
As to the local interactions, the spin wave interactions are 
right there, hence we will use this form of local interaction 
pattern (template). These templates are tuned by the inter-cell 
distances. The macro models of the STOs and the interactions 
are taken from [7, 8]. 

 The task that we have chosen will be an Associative 
Memory problem and the functional (virtual) architecture  
what we are proposing was following the basic idea proposed 
by T.Shibata (e.g. [6, 11]). A key part of this architecture is 
the dimension reduction at the end of the 2D preprocessing 
stage, converting the features of a 2D image into a 1D Input 
feature vector. In our specific functional architecture (Fig. 2) 
the preprocessing and the classifier are CMOS circuits and the 
Associative Memory clusters between them are the non-
CMOS O-CNN arrays. It is very important that this virtual 
machine model (Fig.2) should be close to and in a one-to-one 
mapping with the physical machine (Fig.3). Both are mainly 
of cellular character [5]. The inputs of the O-CNN are the 
shifted frequencies, the output is the synchronized phase 
values of the last row. These 1D output arrays are the 
signatures. Distance measures between the stored prototype 
signatures and the actual calculated signature will used for 
classificatioin. The Euclidean distance will be used here. 

In this paper we show the details of the Virtual and 
Physical Architectures (Section II) and the end-to-end 
simulator (Section III) including the preprocessing, learning, 
and classification phases. As to the learning, a genetic 
algorithm was used. In Section IV we show two examples 
demonstrating that the doubling of the size of the output 
signatures via parallel O-CNN arrays for one input vector 
(actually doubling the input size) increases the separability 
and the classifier success rate. The optimization parameter in 
the learning phase is the vector of the distances between the 
STO cells. Section V discusses the conclusions and points 
towards further studies. 

 
II. THE  VIRTUAL AND PHYSICAL ARCHITECTURE 

A.  The Virtual Architecture for an Associate Memory 
Based on [6, 11] we have designed and simulated an 
architecture capable of solving object classification tasks 
where Associative Memory clusters based on locally coupled 
spin torque oscillator arrays play a crucial role. Our 
architecture contains three functionally different parts: 
preprocessing, associative clusters, and classification. 

 
The three parts described in details are:  

- First we use a CMOS preprocessing unit to generate 
input feature vectors from the two dimensional input images.  

 
 

Figure 2, The functional description of our virtual 
architecture used for object classification and based on our 
Associative Memory. The yellow parts are the CMOS level, 

the green part contains the O-CNN arrays with STOs, and the 
blue parts are implementing the conversion units between the 

CMOS and nanoscale levels. 
 

To do this we are using commonly used image processing 
operations like shape and area describing functions (e.g: 
binary-skeleton). We have to note that all of our functions in 
the preprocessing part suits ideally to a Cellular 
Nonlinear/neural Network (CNN) embedded in a CNN 
Universal Machine Architecture. In a cellular visual 
microprocessor these operations can be perform with an 
amazingly low power consumption (e.g: 20mWat 30 
frame/sec on the Eye-RIS system of AnaFocus Ltd.).    

- After this step we use our one dimensional input feature 
vectors as inputs for our parallel O-CNN arrays. After the 
synchronization of the oscillators in the array we can measure 
the phase shift between the oscillators in the last row in every 
array.    

- These signature vector signals are then used by our 
winner localizer algorithm which is a simple winner take all 
method taking the Euclidean distances between the prototype 
signature vectors and the calculated test signature vectors.  We 



use here a CMOS distance calculation and classification 
circuit, however, a STO-CMOS star array can also be used 
[14].   

In the end to end simulator, the preprocessing unit, the 
interacting O-CNN arrays, and the classification unit is 
embedded in a learning and optimization procedure where the 
geometric distances between the STOs in the O-CNN arrays 
play a crucial role. Actually, their values are tuned via the 
genetic algorithm to get an optimal recognition rate. The O-
CNN array has an input vector as a 1D array of oscillator 
frequencies, and the synchronized O-CNN array codes the 
output as the phases of the output 1D array. The typical O-
CNN array has 1-3 rows of STOs.  A simple description of 
these functions can be seen on Fig 1. 

  
B. The Physical Architecture of the O-CNN based 

Associative Memory 
 

Although our virtual (functional) architecture and our 
experiences are based on simulations, we have to note, that the 
main advantage of our architecture is that the interaction 
between the STOs relies only on spin waves. This gives 
constraints in architecture design, on one hand, however 
results in a low power consumption. The physical architecture 
is shown in Figure 3. 

 

Figure 3.  The schematic description of our physical 
architecture. The yellow parts are implemented in the CMOS 
level, the green parts containing nanosacle devices (the STO 
arrays) and the blue parts are the conversion units between 

the CMOs and nanoscale levels. 
 

C. Basic Macro Model of spin-torque oscillators 
Here we will introduce the basic model of spin torque 
oscillators which we used during our simulations [7][9]. In 
this part we have restricted ourselves to a simpler STO model 

where the oscillation happens ’in plane’, namely: the input 
current vector is the normal vector of the oscillation plane.  
First we have to describe some parameters to introduce this 
macro model:   

-  The geometry of the device is described by the vector N: 

 

 

The transpose of a vector is denoted by T. The elements of 
vector N define the relative geometric length in the X, Y and Z 
direction i.e. Nx + Ny + Nz = 1 has to be fulfilled. In the 
following we  assume: Nz > Nx, Nx= Ny . This describes a 
cylindrical disc having Nx=0.2 and Nz=0.6 in our simulations. 
This geometry is the easiest to implement in practice and most 
commonly used [12]. 

- The polarization of the spin is described by the vector S=(Sx 

,Sy ,Sz)T. Without losing any generality, we consider S=(0,0,1)T 

- The magnetization is defined by the vector: 

 
 

To simplify the notation we denote M(t) by M=(Mx ,My ,Mz)T 
(Time dependency is explicitly reported if it is needed). The 
magnitude of M(t) has to be equal to 1, i.e. the following 
relation holds (This can be derived by the equations describing 
the physics of the system.) 

 

 
The magnetic field H can be defined in terms of the vectors M 
and N as follows in a dot product: 

 

- The interaction among STOs occurs through the magnetic 
field by spin waves.  

This can be modelled by modifying H given in the previous 
equation as follows: 

 
 where the first term is the magnetic field of the i-th STO: 



 

 
and the second addendum Gj describes the influence of the 
j-th STO on the magnetic field of the i-th STO. This influence 
is defined by the vector of the coupling strength Cj=(Cjx, Cj y, 
Cjz)T. Dj is delay caused by spin wave propagation. Both Cj 
and  Dj are functions of the distance between the two 
oscillators. 

It is worth to point out that H is not needed directly because it 
is a function of M, this may yield to a more compact form 
useful to understand the physical properties of the system. 

The equations of the motion of the spin torque nano-oscillator 
results to be:  

   

The physical parameters of the system are the following: 

   Ms is a parameter related to the saturation magnetization of 
the material. Permalloy is characterized by Ms=8.6 *10^5.  

   × denotes the cross product between the vectors,  

   A is the normalized current (This number is proportional to 
the current of the oscillator and not the actual current itself 
(for instance A=100 corresponds to 1 mA).} and 

    γ (gyro-magnetic ratio) and α (magnetic efficiency) are 
physical constants with values γ=2.21*10^5 and α=8*10^-3, 
respectively. 

III. THE END-TO-END SIMULATOR INCLUDING 
PREPROCESSING AND LEARNING/CLASSIFICATION 
Object classification is an extremely complex, in practice 
usually ill defined, task where machine vision algorithms 
perform relatively poorly in complex real life cases. Our 
human brain can distinguish between objects by certain 
properties, features or sometimes even memories, but this 
process is not known in details.   

We have implemented an end-to-end simulator 
which is capable to simulate the behavior of our architecture 
and process sensory data taken from real objects. In machine 
vision, object classification is done by feature extraction and 
these usually predefined features (or feature vectors) are 
compared to stored values of prototype feature templates of 
certain object classes, or their processed output signatures.  In 
this paper we have extended this process by our AM cluster 
implemented by STOs and we will show (through two case 
studies) that the STO arrays increase the separability, namely 
it can transform the feature vector space in a way, where the 
distance between the classes in the same group will decrease 
while the average distance between the objects in different 
groups will increase. We have to note that the increase of the 

average distance will not necessarily increase the 
classification rate, but in most cases it helps to separate the 
classes from each other (as it can also be seen in our results). 

 The functional structure of our end-to-end simulator 
compared to the ubiquitous “traditional”, or regular object 
classification methods can be seen in Fig. 4. 
 

 
Figure 4. The functional difference between commonly used 
classification methods and the method proposed by us. The 

figure also shows the functional role of the O-CNN array and 
where it can increase the classification success rate. 

 
In our end-to end simulator we have created a modular virtual 
machine, which is capable of processing any one-dimensional 
input vectors. The generation of the input vectors from the 
sensory data happens at the end of preprocessing. We have to 
note, that the preprocessing is a key part of the process and it 
is very much application specific. It is impossible to make a 
proper classification if the features in the preprocessing set 
are not chosen properly. After the input feature vector 
generation we process our vectors by the STO arrays. When 
this process is applied in the training set we use a genetic 
algorithm to optimize the structure (the distances between the 
oscillators in the array), and by this the functionality of each 
array. When the training is done our virtual machine is 
capable of classifying new objects and the results of our 
experiments can be seen in Section IV. 

 
IV. SIMULATIONS  AND  RESULTS 

The increase of separability and success rate when 
expanding the signatures  via  the O-CNN arrays 

A. Classification of binary patterns 
In this test of our method we have used 64 binary images 

from the Shape Database of the Vision Groups at LEMS, 
Brown University. The binary images represented 9 shape 
classes. Depicting two representative pictures in Figure 5, 
randomly selected from each class as the training set, and the 
remaining 46 images were used as test set to calculate the 
detection rate of our method. As a shape representation we 
used a modification of the Projected Principal-Edge 



Distribution  (PPED) [10], describing the edges and the 
skeleton of the shape, resulting in feature vector containing 
17 elements.  

This type of preprocessing can be efficiently implemented 
on a dedicated hardware with extremely low power 
consumption. The coupling weights of the O-CNN arrays 
(depending on the distances between the oscillators) were 
tuned by a genetic algorithm. The first generation of np 
distances/weights, each representing a weight vector, is 
generated randomly.  

 
Figure 5. Binary shape images in the training set 

representing 9 different shape classes 
 
In every step nm randomly selected instances are mutated 

with probability pm, and nr instances are reproduced from two 
randomly selected ancestors. Finally the original and the 
resulted np + nm + nr instances are sorted based on their 
fitness values and only the top np instances are kept. The 
fitness value of a weight-vector is defined as the accuracy of 
the classification on the test set using the distances/weights to 
generate the signatures. In practice, depending on the length 
of the weight vector, the population size np ranges from 20 to 
1000 instances, the sum of the number of mutations nm and 
the number of reproductions nr falls between np and 2*np. The 
mutation probability is usually between 0.1 and 0.2. As it can 
be seen in Table I, the addition of O-CNN arrays can enhance 
the computational separability of the architecture and increase 
the detection rate. The original detection rate of 69.57 % 
could be increased to 91.3 % by adding two associative O-
CNN arrays to the architecture. These results show that the 
O-CNN array can be used for object classification tasks. 

As it can be seen in Table 1, the addition of O-CNN arrays 
can enhance the computational power of the architecture and 
increase the detection rate.  

TABLE I 
Architecture type: Detection rate: 

Without OCNN array 69.57% 

Single OCNN array 86.95% 

Two parallel OCNN array 91.3% 

B. Real life frame sequences from a mobile robot 
In an other example we have used real life camera frame 

sequences obtained by a mobile robot (SRV1). In this 
experiment image sequences from different figurines (four 
different cat figurines) were taken from different distances 
and orientations by the robot. The aim was to classify these 
figurines in the previously defined four classes. Example 
snapshots of the four different classes can be seen on Figure 
6.  These images were preprocessed by the HMAX algorithm 
[13].  

 

 
 Figure 6. Four example images of the four different 

classes and figurines. 
 

 The HMAX algorithm contains four different layers 
(S1: Gabor Filter Layer, C1: Local invariance Layer, S2: 
Intermediate Feature Layer, C2: Global Invariance Layer) 
and generates different number of features in each layer. This 
way it is capable to generate scale invariant image 
representations based on the predefined features. After the 
preprocessing the vectors were truncated by averaging and/or 
vector quantization. The truncation of the vectors was done 
partly because of practical reason. HMAX generates 8150 
long vectors and using these vectors as input for the STO-AM 
cluster would generate more than eight thousand parameters 
and an optimization of such a large number of parameters is 
too complex in time- However, the other reason is to find 
some optimal vector length.   

We have used a genetic algorithm to set the weights 
in the STO array just like in the previous example. Using 
quantized vectors as input for the O-CNN arrays resulted  
100% accuracy. The classification results using averaging 



truncation can be seen in Table II.  We hope that further 
optimizing the results for longer vectors similar results can be 
achieved and we would like to further investigate this 
question. But we have to note that independently of the vector 
lengths this example clearly shows, that the O-CNN arrays 
can be used as Associative memory clusters and the virtual 
architecture proposed in this article is capable of solving real 
life object classification tasks and having been mapped into a 
physical architecture with STO arrays.  Our main point, 
however, is to show the feasibility of using STO arrays.  
Our aim is also to show that, in addition to the physical 
implementation, the Associative Memory behavior of the O-
CNN clusters can transform the state space in a way that can 
further refine the classification process that is increasing 
separability. Bringing the objects closer to each other in the 
same classes meanwhile increasing the distance between 
different objects. (in this case ’difference’, ’distances’ and 
’closeness’ are given by a predefined metric in our state 
space: we have used Euclidean distances). As it can be seen 
in the results in Table III (vector averaging) and Table IV 
(vector quantization) the O-CNN arrays can increase the 
classification capabilities of our system, measured by a 
rigorous metric. As a metric we have measured the average 
distance between objects in the same group (In Group 
distance) and the distance between objects in different groups 
(Cross Group distance) for every class and we used the ratio 
of this two measures as the separability metric in different 
classes (actually using the second value divided by the first 
value; in different classes). If this value is one it means that 
the average distance between two randomly selected elements 
are the same (independently of whether they are in the same 
class or not). The higher this value is, the easier the 
classification will be, because this means that the elements in 
the same classes are closer to each other than the randomly 
selected elements. We, again, have to note that this will not 
imply directly the perfect classification of the elements, but 
when a large number of elements are distributed in the feature 
vector space this is a statistical measure of separability in the 
classification. 

Moreover, our aim is to show how low power STO 
nanodevices can be used in practical architectures, and we 
introduced the first time the oscillatory cellular arrays for a 
specific computational task. 

 
TABLE II 

Vector Length: Detection accuracy 
(vector truncation): 

Detection accuracy 
(vector 

quantization): 

50 85% 100% 

163 87.5% 100% 

326 87.5% 100% 

815 85% 100% 

1630 77.5% 100% 

4075 75% 100% 

8150 75% 100% 
 

TABLE III Separability metric (vector averaging) 
Cross 

Group/ In 
Group 

Class I Class II Class III Class IV 

Before 
OCNN 
array 

3.60 2.87 1.58 1.83 

50 long 
vectors 

15.02 3.58 3.26 9.16 

163 long 
vectors 

12.28 3.46 3.23 7.92 

815 long 
vectors 

20.10 5.30 2.47 8.56 

 
TABLE IV Separability metric (vector quantization) 

Cross 
Group/ In 

Group 

Class I Class II Class III Class IV 

Before 
OCNN 
array 

12.4016 
 

 

1.5013 4.9720 3.5272 

50 long 
vectors 

29.70 8.82 9.24 9.57 

163 long 
vectors 

96.55 10.80 30.74 52.54 

815 long 
vectors 

175.56 23.81 56.04 59.28 

 
 

V. CONCLUSION 
In this article we have described a virtual architecture and an 
end-to-end simulator for Associative Memory which is based, 
for one task,  on spin-torque oscillator arrays (O-CNN). The 
interaction between the oscillators are local (cellular): via 
spin-waves only. We have also shown, how this architecture 
can be used as an associative memory for object 
classification. Namely, we have implemented two case 
studies: a simple shape classification and a complex example 
with real world sensory data from moving objects. We have 
shown that our O-CNN STO arrays increase the rigorously 
defined separability measures.  



It is important to emphasize that our O-CNN array computes 
via synchronization that in principle leads to a minimum 
energy.  
We have studied and proved some qualitative properties of 
our oscillatory arrays: the exclusion of chaotic attractors that 
provide the unique readout, as well as to get some closed 
form solutions without simulation. These might be extended 
to more complex STO macro-models as well. 
In one case study we used a sequence of frames of as a 
training set . The next step might be to classify spatial-
temporal actions. 
Finally, it seems feasible that O-CNN arrays could be used in 
some preprocessing tasks.  
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