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ABSTRACT

XNOR-Net, employing the exclusive-NOR operation, has demonstrated a considerable enhancement in
inference speed and a reduction in memory requirements for parameter storage. The hardware
implementation of XNOR-Net has recently attracted much interest. This study proposes a memristor
crossbar architecture to implement XNOR-Net for image recognition. The proposed memristor crossbar-
based XNOR-Net consists of an input layer with 784 neurons, two hidden layers, each containing 500
neurons, and an output layer with 10 neurons for 10-digit recognition of MNIST images. The XNOR layer
was implemented using a single memristor crossbar along with a constant current-generating circuit. This
approach reduces the number of memristors by half, hence alleviating area and power overhead. In
particular, in the output layer, all columns are fed into a Winner-Take-All (WTA) circuit to identify the
column with the largest current. Therefore, the circuit that generates constant current can be excluded
without affecting performance. In this way, the additional circuit can be removed, leading to a reduction in
power consumption and area of the neuromorphic circuit. The memristor crossbar-based XNOR-Net
showed a recognition rate of 94% on the MNIST dataset, producing correct outputs for input digits 0-9.
The proposed memristor crossbar-based XNOR-Net demonstrates the potential for implementing
memristor array-based deep network architectures in resource-constrained devices, especially in
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embedded and edge computing systems.
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I.  INTRODUCTION

Deep Neural Networks (DNNs) have shown significant
success in various areas such as computer vision, speech
recognition, and natural language processing [1-3]. However,
DNNs require massive computational and memory resources
due to their deeply layered architecture, presenting challenges
for their implementation in resource-constrained edge devices
[4]. To mitigate these limitations, hardware-based DNN
accelerators utilizing neuromorphic and in-memory computing
paradigms have recently received significant attention [5, 6].
Although  hardware-based = DNNs  present  potential
enhancements, executing high-precision Multiply-Accumulate
(MAC) operations on hardware continues to be resource-
intensive, thereby impacting chip density, energy efficiency,
and processing speed. Binary Neural Networks (BNNs) have
emerged as a viable alternative for edge Al applications by
significantly reducing the complexity of neural computation [7-
12]. In BNNs, synaptic weights and activations are limited to
—1 or +1, denoting inhibitory and excitatory neural impulses,
respectively [13, 14]. The multiplication of binary inputs and
weights of -1 and +1 corresponds to an XNOR operation,

resulting in the XNOR Network architecture (XNOR-Net),
which has demonstrated applicability for embedded Al
applications [11]. This simplification results in significant
advantages in area, power consumption, and latency, making it
very suitable for neuromorphic computing systems.

The hardware implementation of BNNs faces several
challenges. Traditional CMOS-based neurons and synapses
require a substantial amount of transistors to realize synaptic
weights and arithmetic functions. Furthermore, the CMOS
technology seems to be approaching its physical scaling
constraints. Instead, memristor devices, conceptualized in 1971
and experimentally demonstrated in 2008, have become more
attractive because of their advantages for neuromorphic
applications, including nonvolatility, programmability, and
nanoscale  footprint [15-18]. Initial implementations,
exemplified by the 1TIM (one transistor-one memristor)
configuration, integrate memristors with CMOS transistors to
create synaptic arrays. However, the presence of transistors
amplifies both area and power consumption. On the contrary,
pure memristor crossbars offer greater advantages in terms of
power and area efficiency.
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Numerous memristor crossbar-based neuromorphic systems
have been exhibited in the past decade [17-27]. Previous
studies have employed a dual memristor crossbar to implement
the XNOR function at the circuit level [19, 20]. Two memristor
crossbar arrays have been utilized to implement signed synaptic
weights, [21, 24], but these designs may lead to the overhead of
the memristor crossbar circuit. This work presents an
innovative and optimized memristor crossbar architecture for
the implementation of XNOR neural networks, utilizing -1 and
+1 to represent both inputs and weights. The proposed
architecture utilizes a single crossbar array and a constant
current-generating circuit to perform the XNOR operations, in
contrast to previous works that use two distinct crossbar arrays.
This improvement decreases the required number of
memristors by 50%, thus increasing the circuit density and
bolstering overall system reliability. The proposed memristor
crossbar-based XNOR-Net is applied to the cognitive task of
image recognition using the MNIST dataset of handwritten
digits. The XNOR-Net is trained offline on a server, and then
the obtained weights are mapped onto memristor devices. The
architecture is subsequently evaluated at the circuit level using
Cadence Spectre circuit simulation. The proposed memristor
crossbar-based circuit offers a promising architecture for
scalable and energy-efficient neuromorphic hardware, making
it highly appropriate for edge Al applications.

II. MEMRISTOR CROSSBAR-BASED XNOR
NEURAL NETWORK

BNNs have demonstrated significant advantages for
embedded applications and edge devices because of their
reduced memory requirements and computational cost.
Although BNNs usually exhibit lower recognition accuracy
compared to their full-precision counterparts, this difference
has been greatly reduced thanks to specialized training
techniques designed for networks with binary weights [8-10].
When both the input and synaptic weights are constrained to
values of -1 and 1, the multiplication operation is simplified to
an XNOR operation. This architecture, known as XNOR-Net,
can achieve improved accuracy while further reducing
computational costs [11]. The XNOR-Net architecture is
especially suitable for resource-constrained embedded systems
used in edge computing applications. Figure 1 shows a concept
of an XNOR-Net, where the inputs and weights are -1 and +1.

Fig. 1. The concept of a binary neural network, where both inputs and
weights are constrained to -1 and +1.

Figure 1 shows a binary neural network with an input and
weight of -1 and +1, consisting of an input layer, a hidden
layer, and an output layer. Multiplying binary inputs and
weights can be thought of as an XNOR operation. The
following formula can be used to determine the output of the j*
neuron in the hidden layer:

hj = Z?:l XiWj; = Z?=1xl @ Wi

—1ifh; <0
a; = sign(hy;) = {+1 i]]: h; >0 (1

where w;; denotes the synaptic weight from the i input to the
j™ neuron, w;; € {—1,1}. Similarly, x; represents the i"™ input,
which is also binarized to either -1 or +1. Under this constraint,
the multiplication between x; and w;; is equivalent to an
XNOR operation. h; is fed into an activation function,
implemented using a sign function, to produce the neuron's
output a;, which is also constrained to -1 or + 1.

The implementation of neural networks using memristor
crossbar arrays offers significant advantages due to their
inherent in-circuit computing capability. Specifically, vector-
matrix multiplication and neural potential accumulation can be
efficiently performed according to Ohm and Kirchhoff laws
[17-23]. The XNOR operation can be expressed as a sum-of-
products expression and realized through two complementary
or twin crossbar arrays [19, 20]. This approach is generally
applicable when both binary inputs and weights are constrained
to values of 0 and 1. This work confirms that the expansion of
XNOR remains valid when all inputs and weights are of -1 and
+1, with -1 and +1 weights represented by HRS and LRS
memristors, respectively. The XNOR operation can be
expressed as a sum of products as follows:

h; =YL x,®w,, = Z?ﬂ(xzwj,z + x{Wj',z) 2

This equation presents an expansion of the XNOR function to a
sum of products, where x; is an inversion of the i"™ input and
wj; is the inversion of weights w;;. Figure 2 shows the
crossbar circuit that implements the expansion of XNOR [19].

W+ W-

Fig. 2.
operation.

The crossbar circuit to implement the vector-matrix XNOR
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The output currents i; to i,,, denote neuron outputs derived
from the XNOR operation between the input vector and the
weight matrix. The memristor-based circuit, illustrated in
Figure 2, has proven effective when both the inputs and
weights have binary values of 0 and 1, with weight values of 0
and 1 represented by High Resistance State (HRS) and Low
Resistance State (LRS) memristors, respectively [19, 20]. In
neuromorphic computing, synaptic weights are generally
denoted by both negative and positive values, reflecting
inhibitory and excitatory synapses, respectively. Therefore, the
binary representations of -1 and +1 are utilized more frequently
than 0 and 1 in binary neural networks. This work utilized the
memristor crossbar array to perform the XNOR operation, with
both the input vector and the weight matrix being in binary
values of -1 and +1. It must be verified that the memristor
crossbar accurately generates XNOR operation outputs under
this encoding scheme, similar to its performance with binary
inputs and weights of 0 and 1.

Table I shows the output current with various combinations
of input and weight values. The input values of -1 and +1 are
represented by voltages of -1 V and +1 V, respectively. The
weight values of -1 and +1 are represented by HRS and LRS
memristors, respectively. Assuming that the HRS value is
much greater than the LRS value, 1/HRS can therefore be
considered approximately zero. The resulting column current is
positive when the input and the weight are identical, and
negative when they are dissimilar, as illustrated in Table 1. This
verifies that the complementary memristor crossbar array
properly executes the XNOR function when both inputs and
weights are expressed with bipolar values of -1 and +1.

TABLE 1. OUTPUT COLUMN CURRENTS WITH VARIOUS
COMBINATIONS OF INPUT AND WEIGHT
X Wi W xw. (xw +x’.w’..)
{ (memristance) e L e
-1 -1 (HRS) -1/HRS +1/LRS +1/LRS
-1 +1 (LRS) -1/LRS +1/HRS -1/LRS
+1 -1 (HRS) +1/HRS -1/LRS -1/LRS
+1 +1 (LRS) +1/LRS -1/HRS +1/LRS

Memristor crossbar arrays have shown outstanding
performance in neuromorphic computing systems. The
fabrication of large-scale memristor crossbars has many
challenges. Reducing the number of memristors in a
neuromorphic circuit is crucial for improving performance and
feasibility. This work presents a crossbar architecture that uses
a singular crossbar array along with a constant current-
generating circuit to perform the XNOR function, rather than
employing two separate crossbar arrays. The concept derives
from the expansion of the XNOR function as detailed below:

hy= Y0, x, ®w,, = 3L, (xiw),; +xw);)
=Xk (szj,z + x{(l - Wj,i))
= 3 (Geoxwy; +x.1)

=237, (xwy +3x/1) 3)

This equation demonstrates that the vector-matrix XNOR
can be performed using a single crossbar plus an additional
inverted term input through a weight of 1. The term x;.1 is
added to all columns, functioning as a constant current across
each column. To validate (3) accurately with both inputs and
weights constrained to -1 and +1, the column current is
calculated using various combinations of input and weight, as
presented in Table II.

TABLE II. THE OUTPUT COLUMN CURRENT OF SINGLE
CROSSBAR AND CONSTANT CURRENT-GENERATING
CIRCUIT WITH VARIOUS COMBINATIONS OF INPUT AND

WEIGHT
wj,; 1
i (memll'istor) XiWji 2 i hj
-1 -1 (HRS) -1/HRS +1/2LRS +1/LRS
-1 +1 (LRS) -1/LRS +1/2LRS -1/LRS
+1 -1 (HRS) +1/HRS -1/2LRS -1/LRS
+1 +1 (LRS) +1/LRS -1/2LRS +1/LRS

Table II shows the tested values of the input and weight to
evaluate the performance of the XNOR operation according to
(3), with the input and weight set to binary values of -1 and +1.
The column current derived from (3) is identical to that
obtained from (2), as seen in Tables I and II. An interesting
discovery is that the vector-matrix XNOR can be implemented
on a memristor crossbar integrated with a circuit that provides
constant current to all columns.

|
|
|
|
|
|
| Constant current |
generating circuit |
|
|
|
[
|
|

A
W
=
£
A
£

X1

X2

Xp

@ , Cy
a 3 am

Fig. 3. The memristor crossbar circuit employs a crossbar array and a
constant current-generating circuit to implement the vector-matrix XNOR
operation in memristor-base XNOR-Net.
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Figure 3 shows a memristor crossbar architecture, which
utilizes a single crossbar array in conjunction with a constant
current-generating circuit to perform the XNOR function
within a layer of XNOR-Net. Binary inputs of -1 and +1 are
applied to the crossbar array to produce column currents.
Concurrently, similar inputs are supplied to an inverting
operational amplifier (op-amp) circuit to generate a consistent
constant current across all columns. Let w;; represent the
synaptic weight associated with the i"™ input to the j™ neuron.
The constant current produced by the circuit is introduced into
each column and can be articulated as:

R
[ = Sl

! 1 !

I} =13, ()/LRS 0
where R; = 2R and R, = LRS. Under this condition, the
resulting current Ij’ aligns with the expression in (3). In (3), 1
means the weight of +1 and is represented by a current of
1/LRS. This current /; is then injected into the j™ column, and

the total current can be as calculated as:

— xj 1,
Ij— ?zl(M_]l-l-EleRS)

1,
I] = Z?:l (x]'Wj’i + Exi. 1) (5)
where w; ; is represented by 1/M;;, and the weight of 1 is

represented by the value of 1/LRS. J; is the total current of the
j™ column, corresponding to the output of the j™ neuron, h;.
The resulting current is subsequently passed through a sign
function C;, which outputs +1 if the column current is positive,
and -1 otherwise, implemented by a current comparator using a
simple CMOS circuit [28]. Therefore, the coefficient of 2 in (3)
can be omitted without affecting functionality.

From (3), an interesting property can be observed; in the
expansion of vector-matrix XNOR operation, the identical term

lx{. 1 is added to all columns. Consequently, removing this
2

term results in an equal loss of current across all columns. This
reduction does not affect the task of identifying the column
with the maximum current. Therefore, when using a Winner-
Take-All (WTA) circuit to determine the column with the

. 1 .
highest current, the constant termzx{. 1 can be omitted. As a

result, the constant current-generating circuit in the output layer
can be eliminated.

Figure 4 shows the design of the proposed memristor
crossbar architecture to implement XNOR-Net. This
architecture was applied to the cognitive task of image
recognition using the MNIST dataset of handwritten digits.
Each image has a size of 28x28 and is flattened into a vector of
784 elements. The network architecture has feedforward layers
with 784 input neurons, two hidden layers of 500 neurons each,
and an output layer with 10 output neurons corresponding to
the ten-digit classes. The connection between the input and the
first hidden layers is implemented using a single crossbar array
paired with a constant current-generating circuit. Column
currents from the crossbar are directed into the current
comparators, which perform the activation function. The output

of the comparators, functioning as sign activations, are
subsequently used as the inputs for the second hidden layer.
The column currents of the second crossbar are passed into the
current comparators to produce the activated outputs, as
illustrated in Figure 4. In the hidden-to-output layer, the total
column currents enter a winner-take-circuit to identify the
column with the highest current, hence the constant current
generating circuit can be omitted, as previously mentioned. The
output 0, to 04y signify the neuron's responses for the
recognition of ten digits.
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Fig. 4. The schematic of the proposed memristor-based XNOR neural
network for handwritten digit recognition.
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III.  SIMULATION RESULTS AND DISCUSSIONS

The MNIST dataset, a widely used benchmark for
evaluating image recognition models [29], was employed to
evaluate the proposed memristor crossbar-based XNOR. The
dataset comprises 60,000 training images and 10,000 test
images of greyscale handwritten digits, each with a resolution
of 28x28 pixel. For compatibility with the XNOR-Net
architecture, the grayscale images were binarized into black-
and-white images and represented as vectors with values of -1
and +1. The XNOR-Net was trained offline using the Straight-
Through Estimator (STE) method, which has shown efficiency
for neural networks when both inputs and weights are binary
[30]. The weights obtained are subsequently mapped to the
memristor devices, where binary values of -1 and +1 are
represented by the HRS and LRS of memristors, respectively.
The proposed memristor crossbar-based XNOR-Net was
simulated in a Cadence Spectre circuit simulation. The
memristor was modeled using Verilog-A, which has been
validated for accurately emulating the behavior of physical
memristor devices [31]. The input values of -1 and +1
correspond to voltage levels of -1 V and +1 V, respectively.
This voltage level prevents memristance drift during the
inference phase. A custom Verilog-A framework was
developed to sequentially input data and read the output of the
WTA circuit to evaluate the recognition rate. The simulation
results demonstrate that the proposed memristor crossbar-based
XNOR-Net achieved a recognition rate of 94% on the MNIST
dataset.

(mA)
oW

—_
1
1

o
1

1
—_

L]

Column Current

w N
1 1
1
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0 12 34 5" 7 8 9
Input Digit

Fig. 5. Accumulated current of columns 1, 7, and 9 when the digits 0-9
are sequentially applied to the XNOR-Net.

Figure 5 shows the simulation results of the proposed
memristor crossbar-based XNOR-Net circuit. The column
current of the output layer was measured before the WTA
circuit, while digits 0-9 were sequentially applied to the inputs.
As illustrated in Figure 5, the current of column 1 (black line)
increases significantly when the input digit 1 is applied,
indicating that digit 1 was successfully recognized. Similarly,
the current of column 7, which is represented by the red line,
increases when the input digit 7 is applied, and the current of

column 9, which is represented by the blue line, is activated
with the input digit 9. These results confirm the proper
operation of the proposed memristor crossbar-based XNOR-
Net.

The XNOR-Net, employing the exclusive-NOR operation,
has demonstrated a significant enhancement in inference speed
and a reduction in memory requirements for parameter storage.
The hardware implementation of XNOR-Net has recently
garnered significant interest. Discovering new technologies as
alternatives for the implementation of CMOS neural networks
provides significant advantages regarding power consumption,
area efficiency, and scalability for neuromorphic systems,
especially in edge computing applications. To construct the
XNOR function and signed weights, previous studies used two
memristor crossbar arrays [19-21]. The use of two arrays leads
to high area and power overhead, along with increased
complexity in the fabrication and programming of the
memristor arrays. This work presents a potential memristor
architecture to implement XNOR-Net. The proposed
architecture uses a single memristor array in conjunction with a
constant current-generating circuit. This is accomplished by
elaborating the expression of the XNOR function and
implementing it at the circuit level. Another contribution is the
elimination of the constant current-generating circuit at the
output layer, which allows the use of a single memristor
crossbar array without the need for extra circuitry when paired
with a WTA circuit. Consequently, both the circuit area and
power consumption exhibit substantial enhancement. The
proposed XNOR-Net demonstrates the potential to implement
memristor crossbar-based deep learning architecture on
resource-limited devices, particularly in embedded systems and
edge computing applications.

IV. CONCLUSION

This work presents a memristor crossbar circuit for the
implementation of an XNOR neural network for image
recognition. The proposed memristor crossbar architecture
employs a single memristor crossbar and a constant current-
generating circuit to perform the exclusive NOR operation,
thus saving 50% of the amount of memristors, compared to
utilizing two memristor crossbars. The memristor crossbar-
based XNOR-Net demonstrated a recognition rate of 94% for
the MNIST dataset. The simulation results demonstrate that the
memristor crossbar-based XNOR-Net circuit generates the
right output for digits 0-9. The proposed XNOR network
exhibits the potential to deploy memristor crossbar-based deep
network architectures on resource-constrained devices,
particularly in embedded systems and edge computing
applications.
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