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ABSTRACT Convolutional neural networks (CNNs) offer potentially a better accuracy alternative for
conventional deep learning tasks. The hardware implementation of CNN functionalities with conventional
CMOS based devices still lags in area and energy efficiency. This has necessitated the investigations of uncon-
ventional devices, circuits, and architectures to efficiently mimic the functionality of neurons and synapses
for neuromorphic applications. Spin-orbit torque magnetic tunnel junction (SOT-MTJ) device is capable of
achieving energy and area efficient rectified linear unit (ReLU) activation functionality. This work utilizes
the SOT-MTJ based ReLU for activation and max-pooling in a single unit to eliminate the need of dedicated
hardware for pooling layer. Moreover, 2 × 2 multiply-accumulate-activate-pool (MAAP) is implemented by
using four activation pairs each of which is fed by the crossbar output. The presented approach has been
used to implement various CNN architectures and evaluated for CIFAR-10 image classification. The number
of read/write operations reduce significantly by 2X in MAAP based CNN architectures. The results show
that the area and energy in MAAP based CNN is improved by at least 25% and 82.9%, respectively, when
compared with conventional CNN designs.

INDEX TERMS Convolutional neural network (CNN), spintronics, spin-orbit torque (SOT), multiply-
accumulate (MAC), magnetic tunnel junction (MTJ).

I. INTRODUCTION
The enormous development in the domain of artificial intel-
ligence (AI) has led to the improvement in the performance
of smart computing systems for image classification and
similar tasks. The essential concept behind each of such
high-end applications is driven by deep convolutional neural
networks (CNNs) models that are growing computationally
expensive [1]. This leads to the serious challenge of efficient
computations in resource-constrained smartphones, health-
care systems, and other edge devices. The need for the area
and power-efficient computing systems has necessitated to
explore unconventional computing architectures mainly in-
spired by the outstanding efficiency of the biological brain
[2]. CNNs are one of the most effective architectures for
computer-vision tasks including image recognition and data
classification. The computational complexity of CNNs makes
on-chip implementations expensive for resource-constrained

hardware. The CNNs consist of convolutional, pooling, and a
fully connected layer including an activation function. Con-
volutional layers extract the important features from input
datasets and their configuration depends on the type of appli-
cation. Pooling is one of the most efficient features to reduce
the computation complexity of CNNs [3]. The activation
function is used to adds nonlinearity and remove redundant
data while keeping relevant features. Rectified linear units
(ReLU) are the most widely used activation function due
to its quick conversing speed and reduce gradient vanish-
ing problems during training [4]. ReLU is computationally
effective as compared to sigmoid and tanh because all the
neurons are not activated at the same time and the output is
always zero for negative inputs. The fully connected layers
are organized at the end of the architecture to flatten the
features and classify the output. The concept is to limit the
number of distinct computations in CNN by accumulating
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FIGURE 1. Activation pair structure (a) with two neuron structure (N1 and N2) cascaded each other and (b) the output characteristics of N1 and N2 with
±1 bias shows the approximately mimic the ReLU functionality.

the convolution, activation, and pooling operations in a single
step [5]. This also reduces the number of peripheral circuitry
and related operations such as minimizing the memory and
buffer requirements.

The implementation of CNN architectures requires spe-
cialized hardware with integrated caches and controllers for
ReLU, sigmoid, and tanh along with maximum or average
pooling. ReLU is the most preferable for CNNs and deep
neural networks (DNNs) due to its unsaturated nonlinear
functionality. Elbtity et al. [6] have previously investigated
the spin-orbit torque magnetic random-access memory (SOT-
MRAM) device as both binary synapses and a sigmoidal
neuron. A heterogeneous mixed-precision and mixed-signal
CPU-in-memory analog computation (IMAC) architecture to
realize energy and performance improvements for the FC
and convolution layers of CNN models has been presented
in [6]. Similarly, Amin et al. [7] have presented an idea of
using a voltage divider and inverter with spin devices to im-
plement an area and power-efficient analog sigmoid neuron.
However, the architecture-level analysis is limited only to the
multilayer perceptron network. The implementation of analog
based compute in-memory (CIM) is limited by area and power
consumption of converters. Hence, digital counter parts are
being explored for efficient neuromorphic hardware imple-
mentation. Wang et al. [8] have proposed a digital CIM-based
architecture by using a toggle SOT-MRAM device to perform
the computation entirely within the bit-cell array as opposed to
a peripheral circuit. Furthermore, time domain CIM have been
reported by Zhang et al. [9] using a highly reconfigurable ar-
ray of field-free SOT-MRAM that can be applied to construct
the convolutional neural network.

This work extends the implementation of spintronic-based
ReLU and multiply-accumulate-activate-pool (MAAP) as re-
ported in [10] to the complete architecture-level analysis of

CNN for image classification. The key contribution of this
work are as follows:
� SOT-MTJ-based ReLU has been used to implement ac-

tivation and max-pooling in a single unit (MAAP unit)
to eliminate the need for dedicated hardware for the
pooling layer.

� The presented MAAP approach has been used to imple-
ment various CNN architectures such as VGG-16, Lenet,
and AlexNet, and evaluated for performance parameters
such as area and energy consumption for CIFAR-10 im-
age classification.

� In comparison to the conventional CNN architectures,
the proposed design shows an improvement of 82.9%
and 25% in energy and area consumption, respectively,
for the CIFAR-10 image classification application.

II. DEVICE AND NEURON STRUCTURE
Neurons and synapses are the fundamental building elements
of neuromorphic computing. The perpendicular SOT-MRAM
devices are utilized to implement the neuron functionality.
The perpendicular magnetic anisotropy device offers a sig-
nificant advantage in terms of thermal stability, scaling, and
power efficiency as compared to the in-plane device config-
uration [11], [12], [13], [14]. In SOT-MTJ device, MTJ is
primarily composed of three layers: a reference layer (RL),
a free layer (FL), and an oxide thin barrier. In a SOT-MTJ
device, a SOT current is channelled through heavy metal
(HM) to generate spin current [12]. As a result, a fieldlike
and in-plane torque is induced that switch magnetization in
the hard axis of FL. The charge current impacts both the
voltage and the magnetization. The leakage power dissipation
is minimal in it since the HM has a very low resistance relative
to the RMTJ, synaptic resistors, and load resistors. The pair of
output inverters operating in a linear regime is used to read out
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FIGURE 2. Framework of the presented work.

TABLE 1. Performance Parameters for Neuron Structure Using SOT-MTJ
Device

the output of the neuron. This neuron structure functionally
behaves as a voltage divider circuit where reference resistance
(RR) is fixed and SOT-MTJ device is act as variable resis-
tance (RMTJ) as shown in Fig. 1(a). The offset current (I0) is
added to the input current that comes from crossbar array to
compensate the difference between VD2 and ground, and the
resulting accumulated current is then passed to the SOT-MTJ,
that controls the output voltage. The two voltage divider cir-
cuits (N1 and N2) are cascaded with biasing of −1 and +1 to
the first and second SOT-MTJ devices, respectively, to achieve
ReLU neuron functionality as illustrated in Fig. 1(b). This
structure has two SOT-MTJ devices with opposite polarity in
the magnetization.

The magnetization dynamics of the FL can be modeled by
the LLGS (1) as shown below [14]:

d �m

dt
= − γ

(
�m × �He f f

)
+ α

(
�m × d �m

dt

)
+ �τDL + �τFL

(1)

�He f f = �HK + �Hth + �HD (2)

where, γ is a gyromagnetic ratio, α is a damping constant,
He f f is an effective magnetic field, τDL and τFL are damping
and fieldlike torque, respectively. The effective field consists
of uniaxial anisotropy field (HK ), thermal field (Hth), and
demagnetization field (HD). The device used in this work

FIGURE 3. Hardware implementation using MAAP integrated with
spin-based crossbar array.

is optimized with respect to various parameters tabulated in
Table 1. The critical charge current (IC0) of SOT-MTJ device
for neuron structure can be evaluated as [15]:

IC0 = 2qα

�
MstFM

(
HK + HD

2

)
.
1

χ
(3)

The notations q , �, tFM and Ms represent is the electron
charge, reduced Planck’s constants, FM layer thickness, and
saturation magnetization, respectively. The ratio of spin cur-
rent to charge current determines the spin injection efficiency
of HM, which is denoted by χ .

The framework for the presented work is shown in
Fig. 2. The device level and circuit level simulation has
been performed in SPICE to extract the parameters such
as area, power, and latency. Further, a python code has
been implemented for mapping the device and circuit pa-
rameters for complete CNN. The architecture level analysis
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FIGURE 4. Mapping of (a) CNN kernels and (b) input feature map on spin based crossbars. K = Kernel size, Cin = Input channels, bn = Weight precision,
IP = Input precision, RDAC = DAC resolution.

using spin-based MAAP set is presented in the subsequent
section.

III. MAAP BASED CNN ARCHITECTURE
Pooling functionality is one necessary operation involved in
neuromorphic computing that takes place usually after activa-
tion [16]. Max-pooling operation gives a single output from
a set of input values depending on the highest value after
non-linear activation. Hence, to eliminate separate hardware
for the implementation of the pooling function, the integrated
MAAP functionality is presented with the SOT-MTJ devices
[10]. The activation pairs are associated with inputs from a
spin-based crossbar array that formed the basic component
of the MAAP set. A spin-based synaptic crossbar array for
multiply-accumulate (MAC) operation that is connected to
spin-based MAAP units to implement the neuron activation
and pooling functionality is shown in Fig. 3. The data (weight
matrix) is mapped to the synaptic device conductance states
of the compute in-memory (CIM) crossbar array organized
into multiple crossbars. Each crossbar array is integrated with
rows and column peripherals to perform computations on en-
coded input data vectors. The computation in such crossbar
array architectures is inherently parallelized for matrix-vector
computations of machine-learning algorithms. In the crossbar,
MAC operation are implemented in a single step by activating
all the columns of the array resulting in parallel vector-matrix-
multiplication (VMM) of encoded input vectors with weight
matrix. This property achieves significant enhancements in
computational volume and power efficiency of neuromorphic
hardware.

The conventional memristor-based CIM DNN accelerators
utilize the concept of analog MAC operation using synaptic
devices. The 3D convolution kernels used in online training
are flattened into 1D column vectors and mapped onto de-
vices in one column of crossbars as shown in Fig. 4. The

feature extracting kernels of one convolution layer are placed
in different columns of the same crossbar. In this work, the
precision of spin based synaptic devices is limited to single
bit. As a result, the convolution kernels from two dimensions
are split to complete the mapping. Since, the weight precision
is higher than the number of synaptic resistance levels, several
crossbars in one processing element (PE) are used to store
bits of convolution kernels. The synaptic device used in this
work is SOT-MRAM with storage of one bit per synaptic cell.
Hence, for b-bit weight precision, b crossbars in one PE are
required to implement mixed precision CNN. In the crossbar,
the 1D input vector is encoded as voltage pulse signal using
DACs onto word lines. Similarly, input feature maps for each
sliding window is implemented sequentially in multiple cross-
bars during computation cycles.

The implementation of 2 × 2 MAAP sets connected by
inhibitory feedback and the spin-based crossbar integrated in
the CNN architecture is shown in Fig. 5. The crossbar is con-
trolled by row and column driver to read and write operation
of synaptic devices for weight updation. The input vector is
encoded in form of voltage pulses that are fed using input
queue, and the row/column drivers activate the necessary bit
lines/word lines for MAC operation. The resultant of weighted
sum from the crossbar is fed into MAAP circuit. This includes
the activation as well as maximum pooling functionality for
the respective layer output. Each input line from the crossbar
array includes a contribution from the twice-inverted output
of every other activation pair. The winner-take-all implemen-
tation allows the largest input to push the remaining activation
pairs to zero. Hence, the maximum pooling computation is
also integrated along with MAC operations.

The MAAP unit at architecture level is connected with a
buffer, shared storage and controller. The crossbar arrays are
connected to ADC / DACs, row-column decoders to form a
PE. Multiple PEs sharing a common PE buffer are controlled
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FIGURE 5. The 2 × 2 MAAP set is utilized for pooling in the proposed MAAP-based CNN architecture.

FIGURE 6. The winner-take-all competition is demonstrated by showing
the time versus output voltage of each activation pair in a 2 × 2 MAAP set,
where only one of the four activation pairs can be triggered at a time with
the other three remaining at almost zero state.

through the controller to implement complete CNN function-
ality at hardware level. The parallel read-out computation is
performed column wise along read word-lines. The current
output flowing through the synaptic devices gives the vector
product of input voltage vector and the synaptic conductance
matrix. Parallel read-write lines are simultaneously activated
by encoded voltage pulses from pre-neurons and the output
weighted summation current accumulates at the end of bit-
lines [4], [17]. The resultant weighted sum current is received
by the proposed neuronal device to implement activation and
pooling function. The SPICE simulation of four activation
pairs is performed with an optimized input in the range of

FIGURE 7. CNN architecture of Lenet for CIFAR-10 image classification.

[−1, 1]. The normalized result is determined by summing all
four output voltages and equals the rectified value of max-
imum among the four external normalized inputs as shown
in Fig. 6. The response of all the outputs nearly overlap
each other (OUT1, OUT2, OUT4) that is dominated by the
winner output (OUT3) of MAAP set. The winner-take-all
competition results in the activation of largest input activation
pair during competition duration and the remaining activation
pairs are deactivated due to inhibitory feedback coming from
the remaining activation pairs. After competition stage all the
activation pairs are stabilised to zero.

The energy consumption and simulation time needed for
complete MAAP computation is optimized by parameters
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FIGURE 8. The read and write operation of CNN with (a) Lenet, (b) AlexNet and (c) VGG-16 architectures, as well as a comparison to proposed
MAAP-based CNN architectures.

TABLE 2. Performance Comparison of Proposed MAAP Based CNN Architecture With Conventional CNN Architecture for CIFAR-10 Classification

of spin devices such as size of the FM layer, MTJ resis-
tance, critical current. With the advanced developments in
MTJ based devices and circuits for neuromorphic comput-
ing, this work presents novel architecture that integrates the
activation-pooling, and synaptic performance for neuromor-
phic functions simultaneously using spintronic devices. The
spin-based synapses are arranged in a crossbar to implement
the MAC computation for CNNs. Lenet architecture has been
implemented using MAAP unit for CIFAR-10 dataset classi-
fication as shown in Fig. 7. The three architectures are chosen
with different number of pooling layers used in order to high-
light the benefit of proposed MAAP functionality [18]. The
integration of activation and pooling in single circuit provides
advantage of better resource efficiency at hardware level for
networks with more pooling layers.

IV. RESULTS AND DISCUSSIONS
The proposed spin based neuromorphic circuits are imple-
mented for image classification tasks using distinct architec-
tures. The device and circuit level performance are simulated
using the SPICE framework with 45nm CMOS technology
node. The energy performance of MAAP set is calculated
as the sum of neuron structures, inverters and crossbar ar-
ray energy consumption. The average energy consumption of
2 × 2 MAAP set is nearly to 0.5–4 pJ with the variation of
device parameters that specify the significant robustness in
the energy performance. The modified MNSIM framework
is used for implementation of CNN architectures to extract
the performance parameter such as accuracy, area, energy and
latency [19], [20]. Firstly, a Lenet CNN architecture shown in

Fig. 7. with convolution-activation-pooling layer arrangement
is implemented with conventional CMOS and proposed de-
vice. The results for image classification on CIFAR-10 dataset
are compared in Table 2 which shows that proposed approach
achieves 47.41% and 84.17% area and energy efficiency re-
spectively. The significance of proposed approach in terms of
resource utilization is achieved with negligible loss in classi-
fication accuracy.

The convolution, activation, and pooling computations in
the CNN architecture require a significant read and write
operation, that increases the energy and latency required for
the image classification task. The integrated MAAP operation
in place of activation and pooling reduces a significant read
and write operation, that lowers the energy and delay needed
for the image classification task for deep CNNs. Fig. 8 plots
the results for reduction in number of read-write operations
with MAAP based approach. The number of write operations
reduce by 2X for all the three network architectures. The read
operations lower by 2.235 × 106 for MAAP based AlexNet
and 1.2 × 106 for MAAP based VGG-16 architectures.

V. CONCLUSION
The proposed SOT-MTJ based CNN architecture integrates
multiple neuromorphic functions simultaneously for AI appli-
cations. This demonstrates remarkable efficiency of the ReLU
activation integrated with max pooling to form MAAP struc-
ture that significantly lowers area and energy consumption.
The presented work is suitable for resource-constrained hard-
ware implementation of more complex NN architectures.
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