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Abstract—This paper presents a simulated memristor
crossbar implementation of a deep Convolutional Neural
Network (CNN). In the past few years deep neural networks
implemented on GPU clusters have become the state of the art in
image classification. They provide excellent classification ability
at the cost of a more complex data manipulation process.
However once these systems are trained, we show that the analog
crossbar circuits in this paper can highly parallelize the
recognition phase of a CNN algorithm. One of the drawbacks of
using memristors to carry out computations is that the data
stored will likely have less precision when compared to typical
32-bit floating point memory. However, we show the proposed
system is capable of operating with zero loss in classification
accuracy if the memristors utilized are able to store at least 16
unique values (essentially acting as 4-bit devices). To the best of
our knowledge, this is the first paper that presents a memristor
based circuit for implementing CNN recognition. This is also the
first paper that provides a circuit for precise memristor based
analog convolution.

Keywords—memristor; convolution; CNN; neural network;
deep network

1. INTRODUCTION

The main obstacles for continued performance
improvement in future computing systems are reliability and
power consumption. Embedded neuromorphic processing
systems have significant advantages to offer, such as the ability
to solve complex problems while consuming very little power
and area [1,2]. These neural network accelerators can be used
for a broad number of applications [3]. In the past few years
deep neural networks implemented on GPU clusters have
become the state of the art in image classification [4].
Additionally, Chen et al. [5] have shown that Recognition,
Mining, and Synthesis (RMS) applications (described by Intel
as the key application drivers of future [3]) can be performed
using neural networks.

The memristor [6] has received significant attention as a
potential building block for neuromorphic systems. The
physical realization of the memristor [7] yields a nanoscale
non-volatile device with a large programmable resistance
range. Voltage pulses can be applied to memristors to alter
their conductivity and tune them to a specific resistance state.
Physical memristors can be laid out in a high density grid
known as a crossbar [8]. Using this layout, memristors have the
potential to be fabricated with a synaptic density greater than
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that of brain tissue [9]. Systems based on these circuits will
produce high density, extreme low-power, neuromorphic
hardware that is capable of performing many multiply-add
operations in parallel in the analog domain.

Both memristor-based [10-24] and non-memristor based
[25-27] wafer-scale hardware implementations of neural
networks have been proposed. Related works [24] have
proposed methods for developing a memristor based
Multilayer Perceptron (MLP), and a Restricted Boltzmann
Machine (RBM) [12,23]. Some of these systems are capable of
performing in-situ training [16,17], meaning that the learning
algorithm is contained in the hardware, and software is not
required to predetermine the weight values for the memristor
crossbar. Other systems are based on ex-situ training where a
leaning algorithm generates the weights in software, and then
these values are directly programmed into the crossbar [12,16].

In the system we are proposing, the memristor conductance
values are predetermined using an ex-situ training process. The
key benefit of ex-situ training is that any training algorithm can
be used to learn the input data set. If a core is to be
reprogrammed multiple times for different applications, ex-situ
training is useful since any existing set of weights can be
directly downloaded. In the in-situ training process each chip
may need a lengthy training process, and only the training
algorithm on the chip can be used. We use a feedback process
to program these crossbars to ensure that memristor devices
(which commonly exhibit some degree of stochastic behavior
when switching [28]) are correctly programmed.

In this paper we have built on previous memristor based
neuromorphic hardware [11,12] to show that memristor
crossbar circuits are capable of implementing an ex-situ
Convolutional Neural Network (CNN). The circuits used in
this paper are based on an improvement of our previous
designs [12], and in addition to mapping weight matrices to
crossbars, we are also using them to perform multiple parallel
analog convolution operations. To the best of our knowledge,
no other paper has presented a detailed circuit that is capable of
performing analog convolution using a memristor crossbar.

Using memristors to both process and store data in this system
provides a significant throughput advantage, and in the
following sections we show that a memristor crossbar is
capable of performing NxM convolution operations in parallel
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(where N is equal to the number input maps and M is equal to
output maps in a given layer in the CNN system).

In this paper we utilize a weight programming scheme [12]
that uses a D-to-A for programming, and we also study the
minimum required bit-width and precision of the D-to-A
circuits. Thus we not only have a way of determining the
optimal memristor conductance values, we also have a method
for programming these values into a crossbar. While related
works [14,24] have used summing amplifier techniques to
carry out analog multiply-adds in a memristor crossbar, this
paper uses a method for weight conversion that allows us to
obtain the expected result precisely and reliably. Others have
proposed alternative transformation strategies for memristor
crossbars [21], but not to achieve versatile neural network
functionality based on accurate dot products and convolutions.
In general, this paper presents a complete, ex-situ, memristor
based neuromorphic system that is capable of implementing
the recognition phase of a CNN deep learning algorithm.

II. CONVOLUTIONAL NEURAL NETWORKS

The CNN network structure was first proposed by
Fukushima in 1980 [29]. However, it has not been widely used
because the training algorithm was difficult to implement. In
the 1990s, LeCun et al. applied a gradient-based learning
algorithm to a CNN and obtained successful results [30]. After
that, researchers further improved the CNN and reported strong
results in the field of image recognition. Recently, Ciresan et
al. presented multi-column CNNs to recognize digits, alpha-
numerals, Chinese characters, and traffic signs [4,31]. CNNs
have also been designed to imitate human visual processing
[32], and have highly optimized structures to process 2D
images [32]. Furthermore, a CNN can effectively learn the
extraction and abstraction of 2D features [33]. In addition to
the common advantages of deep neural networks, the CNN has
additional desirable properties. Composed of sparse
connections with tied weights, the CNN has significantly fewer
parameters than a fully connected network of a similar size.
Furthermore, a CNN is trainable with a gradient-based learning
algorithm, and suffers less from the diminishing gradient
problem [30]. Given that a gradient-based algorithm trains the
whole network to minimize an error criterion directly, a CNN
can produce highly optimized weights.

Fig. 1 shows that the overall architecture of the CNN

Feature maps

Feature maps  Feature maps 12@8X8
6@24X24 6@12X12

consists of two main parts, the feature extractor and classifier.
In the feature extraction layers, each layer of the network
receives an input from the immediate previous layer. The CNN
architecture consists of a combination of three types of layers:
convolution, subsampling, and classification. The convolution
and subsampling layers alternate, and are found in the feature
extraction section of the network. The outputs of the
convolution and subsampling layers are organized into multiple
2D planes known as feature maps. Convolution layers extract
the features from the input images using convolution
operations, and the subsampling layers abstract the feature
maps through an averaging filter.

As the features propagate through the network, the size of
the features is reduced (in terms of pixels) depending on the
size of the convolutional and subsampling kernels respectively.
However, the number of feature maps is also increased so the
network can determine the most suitable features of the input
images for better classification accuracy. The outputs of the
last layer of the CNN are then input to a fully connected
network, which is called the classification layer. A feed-
forward neural network is used as a classifier in this work
because it has been shown to provide the best performance
compared to other options [34,35]. In the classification layer,
the output node with the highest value designates the class
assigned to a given input image.

III. MEMRISTOR CONVOLUTION IN A CNN

This section describes how a single column within a
memristor crossbar can be used to perform a convolution
operation. Contrary to commonly studied convolution
operations, the convolution used in this CNN network differs
in a few ways. First this CNN does not require the input signal
(x) to be zero-padded before it is applied to the convolution
kernel (k). Therefore, the length of the resulting signal is equal
to the length of x, minus the length of & plus 1. In MATLAB
this could be achieved using the ‘valid’ flag within a
convolution function. In the memristor crossbar designs this is
achieved by simply not zero-padding the input signal.

Additionally, each output sample generated using the
convolution function is squashed using a sigmoid activation
function (after accounting for an additive bias). The circuit in
Fig. 2 was designed to account for this after it performs the
convolution. Fig. 2 (a) shows the circuit diagram in detail and

Feature maps

Outputs

Convolution

Sub-sampling  opyolution

Sub-sampling Fully Connected Layer

Feature Extraction

Classification

Fig. 1. CNN Block Diagram
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Fig. 2. (a) Circuit diagram displaying a crossbar column circuit that is capable
of performing convolution, and (b) the equivalent shorthand depiction for this
circuit that is used throughout the paper. In (a), Vs;=-1V, V=0V, Vs,=0V,
V=1V, M, is a memristor used to control feedback gain based on its
resistance R,, opis the conductance of the memristor Mz used to implement an
additive bias along with the input xp, Ry is a resistance used to implement unity
gain, the terms o;" and oy represent the arrays of conductance values described
in equations (3) and (4), and y;" and y; are the pair of positive and negative
outputs generated by each convolution circuit in a memristor crossbar.

Fig. 2 (b) displays a more compact shorthand depiction that
will be used throughout this paper.

The circuit in Fig. 2 assumes that the convolution kernels
required for this system have already been determined in
software using an ex-situ training process. Also, some extra
manipulation must be completed so that these 2D kernels can
be stored as memristor resistance values. For example, if you
were to store the 3x3 kernel in equation (1) in a crossbar
column, it would have to be arranged so that each input value
was aligned with the correct kernel value. Furthermore, the
kernel array is converted into two arrays so that the memristor
crossbar can easily account for kernels that have both positive
and negative values. This conversion process is also shown in
equation (1). Equation (2) shows how an image segment must
be converted into two arrays of identical values with reversed
sign. Finally, equations (3) and (4) show how the kernel arrays
must be converted to conductivity values that fall within the
bounded range of a memristor crossbar. This conversion (in
conjunction with the op-amp circuit at the output of each
crossbar column) makes a convolution operation possible that
produces the exact same result (+ some analog circuit error)
that would be produced by a digital software equivalent.

The op-amp circuit at the crossbar column output in Fig. 2
is used to both scale the output voltage (thus returning the
output to a numerical value after the MAC operations are
completed in the conductivity domain) and implement the
sigmoid activation function. This is an alternative approach to
the systems that require a sigmoid activation circuit following
an op-amp output such as [14,24]. To accomplish this, the

amplifier at the output of the circuit is used to create a pseudo
sigmoid function as shown in Fig. 3. A linear amplifier
transfer function (with bounded upper and lower voltage rails)
matches the sigmoid relatively closely (see eq. (5)), and the
simulation results show that this is an effective alternative. To
obtain the optimal linear fit of the sigmoid function m = 1/4
and b =1/2.
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Fig. 3. Comparison of the sigmoid transfer function and the amplifier
alternative (the first op-amp stage will actually produce an inverted result, but
this will be the eventual outcome seen at the y;" output).

The complete circuit in Fig. 2 will operate according to
equations (6) through (8). The op-amp producing y; output
acts as a summing amplifier that also accounts for the slope
and bias required of the approximate sigmoid activation
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function in eq. (5). The y; output is then fed into a unity gain
inverting amplifier to obtain the y;" output.

In eq. (6) output of the summing amplifier is determined.
The voltage xp=1 V is used to shift the starting position of the
sigmoid (b=1/2) and to control the additive bias value () in
the CNN algorithm. The resistance R, is the resistance of the
programmable gain memristor M, The value op is the
conductance of the memristor Mp and og=(b+p/4)/R,. In eq.
(7), Ry is set so that accumulation of conductance and voltage
pairs is multiplied by the inverse of the scaling factor in
equations (3) and (4), in addition to the slope of the activation
function m. Using this method, the resulting outputs y;" and y;
will now have a value equal to that of the convolution
operation performed in the software implementation. Using
this method, the outputs are already formatted for the next
layer of the CNN system where y;" becomes the set of inputs
for 3" and y; becomes the set of inputs for i

N

y; =-R, ;[xi()'; —xl.O'I.J_.]+xN+10'b (6)
/4
U ™
(o-max _o-min)
+ Rf - -
yj:_R_yj:_yj (8)
S

IV. CROSSBAR PROGRAMMING

The previous section discusses how to obtain the correct
conductivity values required by a memristor crossbar. This
section shows how these values can be physically
programmed into a crossbar. An idealized memristor device
has a continuous bounded programmable resistance range, but
there appears to be a limit to how many discrete states can be
programmed into a memristor [36,37]. There is also a certain
amount of stochastic resistance change present when attempt-
ting to program a device to a specific resistance [23,38].

The circuit used to implement this programming method
was first proposed in [12]. To program each of the weights in
this memristor crossbar, only one target row input x; (where
t=1,...,N+1) is active (set to 1V) and all other inputs are set to
OV. This will reduce the summing amplifier to a simple
inverting amplifier. Also, the second inverting amplifier that
produces y;* can be ignored during the write process. In this
circuit, the feedback memristor A, is held at a constant value
omax (or Rmmv). Using this approach, when the target
memristor being programmed (M) is set to omax, the output y;
=—1 V. Likewise, when the target memristor M is set to om,
the output »;~0 V. This method allows for a linear mapping
between sensed voltage and target memristor conductivity. In
our study we use 8x107S for omin and 8x10°S for G
according to the memristor characterization data in [39].

The schematic in Fig. 4 displays the entire programming
circuit in addition to the equivalent circuit for the active part
of the memristor crossbar when programming a single

memristor. This circuit utilizes two D-to-A converters to
implement a bounded voltage range for successful
programming. It is assumed that these D-to-A converters have
access to the weight values produced by the CNN algorithm in
software. Also, it is assumed that the software is able to
convert each floating point weight (or kernel element) to a
value within a set of 28 predefined conductivity states, where
B corresponds to the bit width of the D-to-A used. This will
essentially convert the weights from floating point to much
lower resolution values. In the following sections, we show
that a 4 bit D-to-A is sufficient for successful programming
with no reduction in accuracy.

Selected ‘x'[
! Memristor

D-to-A | | D-to-A

Va=1-0 V=Tt
- + -
Equivalent circuit for the
crossbar when programming
a single memristor Increase

[T )— Resistance

_Jj_,-— No Change

L D> Decrease

Resistance

Fig. 4. Circuit used to program a single memristor to a target resistance.

For the programming process to determine that a
memristor is programmed, y;” must be greater than t-a and less
than t+ta. A digital logic layer determines whether the
memristor conductivity should be increased or decreased
based the output voltage of the two comparators. If resistance
is to be decreased, a positive write pulse will be applied to the
memristor M, and if the resistance is to be increased, a
negative pulse will be applied. This process will be repeated
until the XOR gate in Fig. 4 has a high output, signifying a
successfully programmed device. A pulse width known to be
much smaller than that required to fully switch the memristor
is used to program these memristors to these specific
resistances. This is done to induce very small amounts of
resistance change [40]. This iterative process is what drives
the feedback programming system.
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V. CNN RECOGNITION SYSTEM

This section describes in detail how this memristor based
recognition system for the CNN operates. The recognition
algorithm is organized according to the flowchart in Fig. 5. The
layer numbers were kept equivalent to the original CNN
algorithm [41] that was modified for the memristor system.
Therefore layer 1 (/=1) holds a testing set of 500 MNIST
images [41], and layer 2 (/=2) is the first convolution layer.

=1 { | Image Input from Data Set 28x28

J—

First Convolution Layer
6 Different 5x5 Kernels

Store Output Data 24x24x6

First Smoothing Layer

Store Subsampled Data
12x12x6

Second Convolution Layer

=4 — 6x12 Different 5x5 Kernels

Store Output Data 8x8x12

Second Smoothing Layer

=5 — Store Subsampled Rearranged Data

4x4x12 — 192x1

192x10 Perceptron

T

0123456789

10 MNIST Digit Class Outputs
Fig. 5. Flowchart describing the CNN recognition system.

A. First convolution layer (I=2)

In this layer, an input image will be convolved with six
different 5x5 kernels. Therefore the output of this step results
in a data array that has a size of 24x24x6. Since we are using a
memristor crossbar to perform the convolution operations, we
can generate all six of these output maps in parallel. The
crossbar used to perform this operation is shown in Fig. 6.
Each target image will be applied at the input rows xi,...,x2s
and -x1,...,-x25. Each image contains 784 pixels, but the image
is applied 25 pixels at a time where each 25-pixel section
generates a single output value. Therefore this layer requires a
51x6 memristor crossbar. As described in the previous
sections, the kernel matrix obtained in software is broken into
two arrays in the memristor crossbar to easily account for
negative values in the kernel arrays.

B. First Smoothing Layer (I=3)

Following the first convolution layer, a smoothing (and
subsampling) operation is performed on the six generated
feature maps. This is just a simpler convolution operation
where the single kernel applied to each feature map is set
according to equation (9).

These memristors store
one convolution kernel

—X )3T
Xp

Yr Y2 Y3

Fig. 6. Circuit used to perform the convolution operations for the second (/=2)
in the CNN recognition system.

1/4 1/4
k= ©)
{1/4 1/4}

It would be desirable to process all six feature maps in
parallel, but this cannot be done with a single crossbar since
different input values must be applied to each column. To keep
the processing throughput relatively equal between layers, we
can just separate this operation into six smaller crossbars as in
Fig. 7. In this specific example, the conductivities (oy)
corresponding to negative elements in the kernel matrix are
meaningless. However, utilizing the same convolution circuit
described in Fig. 1 allows for more flexibility so more complex
smoothing filters could be implemented if desired.

Fig. 7. The group of convolution circuits that is used to implement the
smoothing operation.

Following each of the smoothing crossbars, a subsampling
operation is performed that reduces the size of each feature
map by a square factor of 2. This could be designed in a
number of ways, but one simple approach would be to place a
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single-bit counter on the memory array where the data output
from the smoothing operation is stored. The memory address
would only update for every other sample (whenever the
counter output is high) so all unwanted data would be
overwritten during the smoothing step. The resulting dataset at
the end of this operation is an array of size 12x12x6, and this
layer requires six 9x1 memristor crossbars.

C. Second Convolution Layer (I=4)

Following the smoothing/subsampling operation is another
convolution operation that is similar to the one carried out in
the second layer (/=2). However, there are now six input maps
instead of just one, and there are twelve output maps (instead
of six). Therefore, the data array generated at the output of this
layer will have a size of 8x8x12. This layer performs 12
convolutions on each of the 6 input maps, so a total of 72
convolutions are performed (using 72 different 5x5 kernels).
To obtain a final result of only 12 output maps (instead of 72)
12 groups of 6 output maps are summed together before the
sigmoid activation function is applied. These computations can
be completed very efficiently with a single memristor crossbar.

In this layer, the CNN software implementation is carrying
out equation (10) where i=1,..,N and N is equal to the number
of input maps (N=6). Likewise, j=1,..,M and M is equal to the
number of output maps (M=12). Each X; denotes an entire
input array containing 25 elements, and each Kj denotes an
entire kernel array containing 25 elements.

=(x, =K, )+ (X 0K )+ (X 5K y) (0

Since convolution (denoted by *) is a linear operation we can
rearrange this equation so that the entire process can be
completed in a single crossbar column as in equation (11).
v, =[Xl,...,Xi,...,XN]*[Klj,...,Ky,...,KM] (11)
Each column in the crossbar will generate a different output
map, where each output map is the result of summing the
convolution of six different input maps with their
corresponding kernels. This layer demonstrates one of the
biggest advantages to the memristor based CNN design since a
single crossbar can carry out MxN convolutions in Y” cycles,
where 1" is equal to the total number of samples in the
convolution output map. Fig. 8 shows the circuit that is used to
complete this operation. Each column in the crossbar holds 6
kernels each stored in a group of 50 memristors (plus a single
bias memristor). The 12 crossbar columns simultaneously
generate the samples required to construct the 12 output maps.
Thus, this crossbar must contain 301x12 memristors.

D. Second Smoothing Layer (I=5)

Following the second convolution layer, another smoothing
and subsampling layer is applied (that will further reduce the
size of the data array). The circuit used to perform this
operation will be nearly identical to that displayed in Fig. 7,
although 12 parallel single column crossbars will be required
since this layer processes 12 output maps instead of 6. The
resulting array size after the subsampling layer is 4x4x12. This
layer requires twelve 9x1 crossbars.
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Istkernel and the 1% input map
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Fig. 8. The 01rcu1t that is used to implement the second convolution layer.

E. Classification Layer

Following the convolution and smoothing layers in the
CNN layout, a single layer perceptron is used to classify the
resulting feature maps. To complete this, the perceptron has
192 inputs (one input for each of the 16 values in each of the
12 output maps) and 10 outputs (one for each MNIST digit).
The circuit used to complete this operation can be seen in Fig.
9. It’s very similar to the convolution circuit, except that it’s
completing a series of multiply add operations commonly seen
in a perceptron network. The main difference between this
circuit and the one used to implement convolution is how the
resistances in the memristor grid are organized. This circuit is
used to store a weight matrix, and the convolution circuits are
storing a set of convolution kernel arrays. The crossbar in this
layer requires 193x10 memristors.

F. Digital Storage Layers

Fig. 5 shows that digital storage layers were placed at the
output of each convolution. This has the disadvantage of
requiring an A-to-D and D-to-A step between each crossbar,
although this may also reduce the amount of analog circuit
error that is transmitted between layers. A complex data
controller could significantly reduce the amount of memory
required. However, it is likely that we would still need some
form of storage between layers to store at least the input set
required for each subsequent convolution. Therefore, we chose
to store an entire image between layers because any benefit
gained by a systematically reduced memory size would likely
be outweighed by the complexity of a data controller of this
nature. Alternatively, a highly parallel system (with many
crossbars in each layer) may eliminate the need for storage
between layers. This will be investigated as future work.
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Fig. 9. Circuit that is used to implement the final perceptron layer of the CNN
recognition system.

VI. SIMULATION RESULTS

The first step in the simulation process is to train the CNN
completely in software to generate the weights and kernel
values that will be programmed into the memristor crossbar
recognition system. This was completed by training with a
subset of 10,000 images from the MNIST handwritten digit
database for 10 epochs. Fig. 10 shows the error minimization
pattern for this process. Only 10 epochs were used to train, but
each epoch iterates through 200 batches of 50 images, so the

error minimization shows a total of 2,000 iterations.
1.5

-

0.5

Training Error

0

0 500 1000 1500 2000
Epoch x Batch

Fig. 10. Error present when training the CNN algorithm is software. This step

is required to obtain the weights that will be transferred to the memristor

crossbars.

Testing the CNN algorithm purely in software under these
training conditions results in 92% classification accuracy. The
next step in the simulation process is to test the accuracy of
the memristor based CNN recognition system described in the
previous section. When testing the simulated memristor
crossbars, an accuracy of 91.8% was achieved.

One of the potential limitations of this system is the
stability and accuracy of the memristors that store the kernel
and weight values. The above testing results were completed
assuming that each memristor could be set to one of 2'2
possible values, and that they could be programmed to an
accuracy within 1mV of a target (see Section IV). This means
that virtually no memristor variation effects were considered
when obtaining this classification accuracy, and that we are
assuming the existence of extremely stable devices.

Fig. 11 shows how the CNN system is able to operate even
when the reliability of the memristors in the system is
reduced. This is achieved using two different methods. First
the number of states that can be programmed in a memristor is

reduced. Since the memristor conductivity values are first
determined in software, the number of unique values that
could possibly be programmed is limited by the width of the
D-to-A in the programming circuit (see Fig. 4). Fig. 11 shows
that this system will operate with virtually no reduction in
accuracy as long as each memristor can be programmed with
at least 16 unique values. This is promising since previous
results show that is it possible to program at least 128 different
states within a single memristor [36]. The second way
simulated memristor reliability is reduced is by increasing the
error between the target conductivity value to be programmed
and the actual memristor conductivity. Since the feedback
programming circuit in Fig. 4 tracks a voltage to determine if
programming is successful, the programming precision value
o is measured in volts (not conductance). Fig. 10 shows that
there is no real reduction in accuracy unless the programming
error measured is greater than 10mV. Furthermore, a slightly
looser system is demonstrated that utilizes only 4 unique
conductance states programmed to within 100mV of their
target values, and it can still provide a recognition accuracy of
88%.
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Fig. 11. Plot that shows how recognition accuracy is decreased as the number
of programmable states (or the programming accuracy) in the memristors in
the crossbar is reduced.

VII. CONCLUSION

This paper presents one of the first memristor based CNN
systems, and we believe that it is the first that has
demonstrated a complete circuit level design. It shows that
groups of summed convolution operations can all be
completed in a single crossbar which provides the ability to
perform NxM convolutions in parallel. The results also show
that 32-bit floating point accuracy is not a requirement when
programming the memristors. This is a significant benefit to
designing these systems with memristors, since existing
memristor technology is prone to inter and intra-device
variation.

There are several aspects about this system that can be
investigated as future work. Most immediately we plan on
studying the most efficient design for the digital storage layers
between the memristor crossbars in the recognition system.
Furthermore, we would like to see if a larger completely
parallel system is feasible. We also plan on estimating the
energy consumption and throughput of this system and
comparing it to the competitive alternatives. In general this
paper demonstrates promising results that show memristors
can be used to efficiently design a compact CNN recognition
architecture.
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