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Memristive neural network has attracted tremendous attention since the memristor array can perform parallel multiply-
accumulate calculation (MAC) operations and memory-computation operations as compared with digital CMOS hardware
systems. However, owing to the variability of the memristor, the implementation of high-precision neural network in
memristive computation units is still difficult. Existing learning algorithms for memristive artificial neural network (ANN)
is unable to achieve the performance comparable to high-precision by using CMOS-based system. Here, we propose an
algorithm based on off-chip learning for memristive ANN in low precision. Training the ANN in the high-precision in
digital CPUs and then quantifying the weight of the network to low precision, the quantified weights are mapped to the
memristor arrays based on VTEAM model through using the pulse coding weight-mapping rule. In this work, we execute
the inference of trained 5-layers convolution neural network on the memristor arrays and achieve an accuracy close to the
inference in the case of high precision (64-bit). Compared with other algorithms-based off-chip learning, the algorithm
proposed in the present study can easily implement the mapping process and less influence of the device variability. Our
result provides an effective approach to implementing the ANN on the memristive hardware platform.

Keywords: off-chip learning, mapping, memristor array, artificial neural network

PACS: 87.18.Sn, 07.05.Rm, 07.05.Tp, 07.05.Mh

1. Introduction

In recent years, artificial neural networks (ANN) have
achieved explosive development in many different fields, such
as object detection,!!! natural language processing,!”! au-
tonomous driving, and security. Forward propagation network
is a vital network structure of ANN, whose information only
goes forward. Generally, the forward propagation networks
can be divided into two main categories according to network
structures. One is the convolution neural network, 3! whose in-
puts are weighted by the convolution operations, and the other
is the perceptron network. The calculations of both networks
are based on the principle of parallel multiply-accumulate cal-
culation (MAC) operations.[*! At the hardware level, the ar-
chitecture that supports the MAC operation such as graph-
ics processing units (GPUs)l! and accelerators for specific

671 enables the implementing of deep neural net-

applications!
works such as CNN with lower power consumption, and the
higher computational efficiency makes the practical applica-
tion of ANN further expand to areas. However, the memory
unit is separated from the computing unit in the von-Neumann
architecture which greatly limits data communication between
computing unit and memory unit, thus resulting in the von-
Neumann bottleneck.®! With the demand for data processing
in the era of big data increasing, it is urgent to find an al-
ternative way to the von-Neumann computing paradigm. In
contrast, neuromorphic computing supported by the memristor
provides a promising non-von Neumann architecture, in which

fCorresponding author. E-mail: ldwang@swu.edu.cn
© 2022 Chinese Physical Society and IOP Publishing Ltd
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memory computing eliminates the cost of data transfer.[*~!1]

The memristor is a double-ended ‘storage resistor’ of
which the weight is stored in the memristor in the form of
conductance, and the weight can be updated by controlling
the conductance.!'>~!31 Through tuning the resistance of the
memristors, different patterns can be stored into the memris-
tive Hopfield neural network.['®1 Memristors are similar to
biological synapses because of variable resistance and non-
volatility and are used to design brain-like spike neurons
model.l!”! The parallel MAC operation can be realized on
the memristor array through Ohm’s law and Kirchhoff’s law,
which can be employed in feed-forward fully connected neu-

[4.18-22] A5 far as the parallel MAC operation

ral networks.
is concerned, its simple calculation principle and high per-
formance in computation efficiency and energy consumption

n.123-25 Recent studies show that

have received great attentio
the neural networks implemented on memristive neuromor-
phic systems could achieve huge power savings.?®! Even the
computing on memristor array shows excellent performance in
terms of computation and power dissipation, it is a significant
challenge to train a high precision neural network memristive
computation units which are compared with digital CPUs or
FPGA.1*7)

There are two main programming methods to use
memristor array in artificial neural networks, i.e. on-chip

30.31 The former is to di-

learning?%2°! and off-chip learning.!
vide the conductance of memristor into multiple levels as a

low-precision digital device, such as 4 bits, this means the

http://iopscience.iop.org/cpb http://cpb.iphy.ac.cn
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conductance of memristor is divided into 16 levels. The mem-
ristor conductance is updated by a back-propagation algo-
rithm which operates in the memristive system. Although the
method allows the device to possess the potential to have any
conductance states so that it could adapt itself to the device

132] the variation of conductance state in memristor

variability,
array is limited in low precision. For example, if the number of
levels of conductance in the memristor are designed to arrive
at 256 , this means that the precision of the memristor is 8 bits,
it will be a big challenge to an integrated memristor array. 33!
It causes the neural network during on-chip learning perfor-
mance to fluctuate greatly. The loss of the neural network
is more difficult to converge. In addition, changing the con-
ductance frequently reduce the durability of the memristor. [34]
The latter, i.e., off-chip learning, is to use the high-precision
computation units such as digital CPUs or GPUs to train neural
network, > then quantify the trained weights to low precision
such as 4 bits, etc. Next, mapping the quantified weights to the
memristor array in the form of conductance, in other words,
each device in the memristor array is written as the target con-
ductance state by the write—verify method, which verifies the
conductance by using a pulse with small amplitude and read-
ing out the output current.!'8! Compared with on-chip learn-
ing, the off-chip learning greatly reduces the time of changing
the conductance, which improves the durability of the mem-

ristor device. The neural network trained under the condition

Back propagation

Update weight

Train network

CNN initialization

Accuracy

Weights (64-bit FP)

Finish

of the high precision in digital CPUs could converge to bet-
ter performance, The weight is trained in digital CPUs, then
programmed in memristor array. However, the write—verify
method needs a large number of write and erase operations,
which reduces the efficiency of weight update. The variations
make it hard to write the memristor to correct conductance
states because of the device gap.[>*!

Because of the above reasons, we propose a new off-chip
learning algorithm for the memristive artificial neural network.
The algorithm does not need to extra change the conductance
state except for the mapping process, which can mitigate the
effect of some device characteristics, such as the device varia-
tion and asymmetry.[3>] We design a 5-layer convolution neu-
ral network on MNIST data set to verify the validity of the al-
gorithm. First of all, we train the convolution neural network
under the precision of 64 bits, then quantify the trained weight
to low precision by the difference quantification method. Next,
we encode the weight into voltage pulses and then apply them
to memristors. The flowchat is shown in Fig. 1. In addition,
we discuss the effect of different precision of quantified weight
in the quantification process and different conductance inter-
vals in the mapping process on neural networks. Finally, we
use the 4-bit quantified weight to map the memristor array, ob-
taining 97.36% classification accuracy comparable to 98.23%
accuracy in 64 bits.

Weight quantization

Inference

Weight mapping

Fig. 1. Flowchart of memristive off-chip learning algorithm, where red part is implemented in high-precision computation unit, and blue part in

memristive computation unit.

2. Methods
2.1. Memristor model and memristor array

The memristor is a new type of device used in vari-
ous fields including storage, logic circuits, and neuromorphic
computing.''” The memristor model is established to simu-
late memristor phenomena in various memristive applications.
The VTEAM model,*>! based on the expression of internal
state variables, is widely used in the simulation of memristive
applications due to its voltage threshold characteristics. Gen-
erally, the expressions of VTEAM during voltage control are
given by

dw

E:f(ww), 6]

i(t) = G(w,v) x v(t), 2)

where w is the internal state variable. v(¢) is the expression
of the voltage applied across the memristor, i(¢) is the expres-
sion of the current flowing through the memristor under volt-
age control, G(w,v) is the conductance of the memristor, and
f(w,v) is a function of the internal state variables of the mem-
ristor, and its expression can be written as follows:

doff
(%—1) ft><f0ff(w), 0 < vor <V,
Von <V < Voif, (3)

(1) o, v

dw(z)
dr

koﬁ‘ X
= 07
kon X Von

where ko, kon, Goft, and do, are constants; ko, kon, and aqsr are
positive numbers; ko, is a negative number; vy, and vy repre-
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sent the threshold of the positive voltage and negative voltage;
Sott(w) and fon(w) are window functions in which the state
variable w has a different symbol. Window function contains
state variable w in a fixed bound ofw € [won, wost], Which is
expressed as Eq. (4). Different window functions can be used
in the VTEAM model. The ideal window function is 1 when
w € (Won, Wot ), Otherwise it is 0.

e ={y

The relationship between voltage and current G(v,¢) has no

Won S w < Woff, (4)

else.

inherent definition.*3 Here, the original voltage-current rela-
tionship of VTEAM is modified, and the relationship between
conductance and state variables is obtained. The relationship
between current and voltage is

Roff - Ron

Wotf — Won

i(t) = |Ron+ ’ (W_Won) ) )
where wo, and wyg are the bounds of internal state variable
w. Ron and R are both constants, which are the correspond-
ing resistances of the device. Here, we set the parameters as
follows: wop = 0, wogr = 10, Rop = 100 Q, Ry = 2500 Q,
kot = 4.03 x 107%, kop = —80, aof = 1, and aon = 3. When
the amplitude of the pulse is greater than 0.5 V, the conduc-
tance of the memristor changes, otherwise, the conductance
of the memristor remain unchanged . When applying a series
of pulses to the memristor, its conductance can be changed,
which makes the memristor crucial for the memristive neural
networks as synapses. The pulses with the same number but
different amplitudes cause the conductance of VTEAM mem-
ristor model to change into different ranges, just as shown in
Fig. 2. Here, we select four different amplitudes of the pulse,
which are 0.8 V, 1V, 1.5V, 2 V. Figure 2(b) shows that under
the condition of the same pulse number, the range of conduc-
tance changed is positively correlated with the amplitude of
the pulse.

Figure 3 shows the cross-point structure that is built by
the VTEAM model in this work, which is termed memristor
array. The memristor array can realize the weighted combina-
tion and matrix-vector multiplication following simple physics
laws such as Ohm law and Kirchhoff’s law. The the input volt-
age and output currens can be related by the following equa-
tion:

M
In: Z Vm'(Gn17n+GW(i7j))7 (6)

where Vy, is the input voltage on the j-th row, [ is the output
current in the n-th column, and G, , is the conductance of the
memristor, whose position is the m-th row and the n-th col-
umn in memristor array, m = 1,2,...M, n=1,2,...N, where
M is the number of memristor array rows and N is the number

of memristor array columns, Gy (i, j) is the wire conductance
along the per conductive path. The resistance of wire is much
smaller than that of the memristor, and it has less effect on
the result of computation of the memristor array. Therefore,
Gyw(i, J) is set to be zero in the simulation. In the memristor,
the X,, is represented as V,, directly, and A(m,n) = G, ,, with-
out considering the wire resistance. The current output can
regard as y, which is the product of output matrix-vector, i.e.
y=Ax.

2.0

(a)

1.5}

Voltage (V)
=
o

0.5F

0 100 200

=
© o

o]
*
*

Conductance (1073 S)
o
*
*
*

0 2 4 6 8 10 12 14 16

Pulse number
Fig. 2. Memristor model showing (a) curves of voltage pulse versus time
with pulse amplitudes of 0.8 V, 1 V, 1.5V, 2 V and width 50 us, and (b)
curves of conductance versus pulse number for different amplitudes of the
pulses, each curve with 16 pulses of memristor model.

vl vl Vil

Memristor
¥
(7177.77
IN—

Fig. 3. Illustration of memristor array and operation process.

2.2. Weight quantification

The precision of weight trained in digital CPUs is 64 bits,
which means that the weight will have 2%* values. However,
it is very difficult to modulate 26* different conductance states
steadily. Therefore, the trained weight needs to be quantified
into low precision such as 4 bits or others prior to the map-
ping process. Here, we use two quantification methods, named

uniform quantification and Gaussian quantification, and dis-
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cuss the influences of two quantification methods on the per-
formance of the memristive neural network. For uniform
quantification, the trained weights are assigned to the near-
est simulation weights, and the quantified simulation weights
are uniform distributed. Given the weight w in the interval
(W, W,11), we define the weight w as follows:

w_ W
- Wn+l7

where Wy is the quantified weight, W, and W,,; | are the sim-

(W =Wy) < (Wys1 —w),

7
(9= W) > W1 —w), @

ulated weights in the interval (—1, 1), and w is the trained
weight.

When the weight is quantified, the Gaussian quantifica-
tion is added to Gaussian noise to make weights closer to
Gaussian distribution. The purpose of adding noise is to con-
centrate the quantified simulation weights around the average

value. Our definition of Gaussian quantification is as follows:

1 n
E:;;m, (8)
R I
D= n;ﬁw E)’, )
o (wi—E)?
N;—-vﬁﬂexp{ 5D }, (10)

where w; represents the weight, n is the number of weights,
and E and D are the mean and standard deviations of all
weights, and N; is the Gaussian parameter weight w;.

The process expression of Gaussian quantification is as
follows:

Wigauss = Ni* Wi, (11)

gauss

where W is the analog weight quantified into n bits in the range
of (—1, 1), the value of W is 2"~ !, W/

sauss 18 the Gaussian sim-
ulation weight that is added to Gaussian noise. The weight is

quantified according to the following formula:

{ Wélauss’ (Wi - Wélauss) < (Wgatsls - Wl')’

Wi =
Wélats]s’ (Wi - Wélauss) > (Wgatsls - Wl')v

sim — (12)
where WS"im is the quantification weight of w;. Equation (11)
means that the trained weight is assigned to the nearest simu-

lation weight Wgayss.

2.3. Weight mapping

The weight is in the form of conductance of memristor
when executing the inference of the memristive neural net-
work. Mapping is an inevitable step for transferring the trained
weight from the digital computing unit to the memristive com-
puting unit. In the precious off-chip learning algorithm, per-

forming multiple write—verify methods to make the memristor

reach a target conductance state. However, the device variation
makes it hard to write the memristor into the correct conduc-
tance. Here, we propose a new mapping method that adopts
the specific pulses according to the position of the weight in
the distribution. Using a pair of adjacent memristors to rep-
resent a signed weight, one represents positive weight, the
other represents negative weight, the total weight is obtained
by the difference between the positive weight and the nega-
tive weight. In addition, the trained weight is distributed in the
interval (—1, 1). In the quantification process, we set 2(n=1)
simulation weights in the positive direction and the negative
direction respectively, which n means the precision of quan-
tification is n bits. We label the weight after quantification
from zero to positive direction and from positive direction to
negative direction, the label of zero weight is 0 and the value
of label increases when the weight is far from zero. If the label
of the weight is P in the positive (negative) direction, then we
apply P pulse to the corresponding positive (negative) weight
in the memristor array, which is shown in Table 1.

Table 1. Mapping process in this work and write—verify operation.

Label of weight Sign Number of pulse to memristor
.. P to positive weights (this work)
positive . . .
P > 2P (write—verify operation)
. P to negative weights (this work)
negative . . .
> 2P (write—verify operation)
0 nothing

2.4. Computational structure based on memristor array

In memristor array, by directly using Ohm’s law
and Kirchhoff’s law, parallel multi-accumulate calculations
(MAC) operations can be realized, which improves the cal-
culation efficiency. The relationship between input and output

in the neural network can be expressed as

Y =W-X, (13)
I=G- V=G, -V+G_-(-V)=V(G, —G_), (14)

where X represents the input of the neural network, W denotes
the weight of the neural network, and Y refers to the output
of the neural network. The input is converted into voltage V,
and the weight is mapped into conductance G. In the mem-
ristor array, the product of weight and input is replaced with
the Ohm’s law of difference between conductance and voltage,
which can be regarded as Eq. (13). Therefore, the memristor
array can implement weighted calculations of inputs in neu-
ral networks, such as convolution and fully connected opera-
tions. In this work, we use the following method to implement
convolution operations and fully connected operations of the

memristor array.
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We propose a structure of a fully connected layer of mem-
ristor, which is shown in Fig. 4. The input of the fully con-
nected layer is M, the output is N, and the number of weights
is M x N. The input is converted into a voltage vector, and each
of them is converted into a corresponding voltage and a reverse

voltage according to the sign and magnitude. All weights are

mapped to the memristor array in the form of a matrix, and
the size and sign of each weight are represented by two ad-
jacent memristors on the same line. The input voltage vector
V is input from the WL line, and the output is obtained from
the current of the SL line. The relationship between input and
output can be expressed as Egs. (14) and (15).

Vig| Vi| Vay| Voo Ve | V-
(@_G} WL
T 8 B A R b
CMEN IRV
L
afed Bl A A A 1
2 G.| 6| |a.]|e= alle]
Gni|GNd ... Gy
Vil i
BL

Fig. 4. Memristor array fully connected operation. The input is converted into a corresponding voltage value and a voltage in one direction,
input from the WL line; the output result is read from the row current of the SL line. The row current vector is the resulting vector of the matrix

operation.
Vi A Vare| Vo | oo [V 72
Viey Vi Vaep Vo WL Vize, Via

Xon | Xo2 | X23 ) S| L

I

X | Xia | Xia Xij g\/ X\/\x{ X\/gf X/’\x{ X/’\x{ X\/\:( I

SL

le Wiz Wi
Was [ Waa | Was
Was | Waz | Was

Fig. 5. Schematic diagram of convolution operation of memristor array. The input of the convolution is converted into the corresponding
voltage value and reverse voltage value, input from the WL line to the memristor array, the result of the convolution is read from the current of
each SL line, and each row current is a convolution result of the operation.

The K x K convolution kernel mapping and the equiva-
lent convolution calculation of the memristor array are shown
in Fig. 5. The convolution kernel is converted into a one-
dimensional row vector, and two adjacent memristors in the
same column represent a signed weight. We pre-process the
input and rearrange the input pictures in the order of convo-
lution. Then, the input is converted into corresponding posi-
tive voltage and negative voltage, respectively, and they are in-
put to the two memristors, representing the difference between
the positive equivalent memristor and the negative equivalent

memristor. Finally, the output row current represents the result
of convolution as given below.

as)

Ms

=Y (V5-G5+V5-Gr)). (16)

—

2.5. Dataset

Modified National Institute of Standards and Technology
(MNIST) database is a large database of handwritten digits
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that are usually used to train various image processing sys-
tems. Figure 6 shows part of images in MNIST dataset. There
are handwritten digits O to 9 on the MNIST data set, and both
the writing styles of the digits and their positions in different
pictures are different.

AepREOAER A
R/R/R/R7R/R/N/NES
........
CRCRCHONCNONEN )
~~~~~~~
CEEBEERBEHEBEAR B
goapoapeaeaa -

Fig. 6. Schematic diagram of some MNIST handwritten pictures, where
the numbers 0-9 from top to bottom have different writing styles from each
other.

N 0
em

In this work, we need to determine which number is in
the picture. The database is also widely used for learning and
testing in the field of machine learning, which contains 6 x 10*
training images and 10* test images. Half of the training set
and half of the test set come from the MNIST training data
set, while the other half of the training set and the other half of
the test set come from the NIST test data set. The size of each

Max pooling

Convolution kernel 3%3

1X5X5X6

— @

Feature maps
8X8X6

Feature maps
24X24X6

Image
28X28

Jee[[]

Convolution kernel

picture is 28 x 28. After conversion, each image is represented
by a column vector composed of 784 elements. Each column
vector is divided into 28 groups, each with 28 elements. To
simplify the training, we binarize the gray value of the im-
age. The gray value of the background part of the picture is 0,
which denotes white, and the gray value of the digital part is
1, which refers to black.

3. Experiment

In this work, we demonstrated a five-layer memristive
convolution neural network on the MNIST dataset. The size of
each layer respectively was 1 x 5 x 5 x 6 for the first convolu-
tion layer, 3 x 3 for the first max-pooling layer, 6 x 3 x 3 x 12
for the second convolution layer, 2 x 2 for the second max-
pooling layer, and 108 x 10 for the last fully connected layer
as shown in Fig. 7. The parameters of each layer of mem-
ristor CNN are shown in Table 2. There are 6 x 10* training
images of which the size is 28 x 28 and 10* test images for
inference, all of them were divided into 10 classes from ‘0’ to

9’. All training images were trained in the convolution neu-
ral network in MATLAB then benchmarked the network on
The distribu-
tion of trained weights is shown in Fig. 8, the weight shows

the test dataset, with an accuracy of 98.23%.

a Gaussian-like distribution concentrated near the zero value.
There are also weights distributed outside the range of (—1, 1),
we set these weights to be —1 or 1, which has less influence
on the performance of the neural network.

FC layer
108X10

6X3X3X12 Max pooling
2X2

Bt

Feature maps Feature maps
6X6X12 3X3X12

Fig. 7. Schematic diagram of CNN on MNIST dataset.

Table 2. Parameters of each layer of CNN.

Number of memristor

Size . Number of memristor
for each weight
The first convolution layer 1x5x5x%x6 2 300
The second convolution layer 6x3x3x12 2 1296
Fully-connected layer 108 x 10 2 2160
Sum 3756

Here, we first quantified the trained weight of the CNN
to 3-bit using the uniform quantification and Gaussian quan-

tification. The preliminary result in accordance with the above

setting was not satisfactory as shown in Fig. 9. The quan-
tified weight using Gaussian quantification in 3-bit made the

accuracy dramatically decrease as compared with 64 bits. The

078702-6
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test accuracy of the weight used in uniform quantification in
3 bits also decreased a lot (by 31.93%), for which the reason
is that the distribution of quantify weight has changed, both of
the weight distributions are more concentrated than the distri-
bution before the quantification as shown in Fig. 10(a). The
concentrated part of the trained weight is quantified into a cer-
tain simulation weight, which results in weakening the abil-
ity of the network to extract features. We dispersed the part
of concentrated date after having been quantified as shown in
Fig. 10(b), the classification has been improved by 72.67%,
which implies that compared with the value of the weight, the
distribution of weight could determine the performance of the
neural network more. The recognized accuracy of CNN using
3-bit uniform quantification was 90.3%, which means that the
uniform quantification is the better way to quantify the weight
to low bits as compared with Gaussian quantification. Be-
cause the Gaussian quantification makes the simulation weight
more centralized than uniform quantification, the distribution
of weight is changed.

120

100

80

60

Count

40

20

0
—-1.0

—0.5 0
Weight

0.5 1.0

Fig. 8. CNN weight distribution map training on 64-bit precision.

3.1. Influence of weight quantification and mapping in
CNN

The precision of quantification plays a key role in study-
ing the neural network performance. With the proper preci-
sion, the neural network could attain a higher classification
accuracy. We further investigate the influence of precision
on network performance. The precision is increased gradu-
ally from 4 bits to 7 bits, and the classification accuracies of
weights with different precision are shown in Fig. 9. With the
count of simulation weights increasing, the most concentrated
part of weights could be assigned to more simulation weights.
The accuracy of inference with Gaussian quantification under
the 4-bit precision increases obviously as compared with that
under 3-bit precision. However, when the precision is higher
than 4 bits, the accuracy is slightly increases for both quantifi-
cation conditions. It means that it is enough for CNN to form
the distribution which maintains a good performance under the
4-bit precision.
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Fig. 9. Classification of different precisions (3 bits to 7 bits) using Gaussian
quantification and uniform quantification.
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Fig. 10. Distribution of weight with 3-bit Gaussian quantification and uniform quantification: (a) Gaussian quantification, (b) depart some of weights

after Gaussian quantification, (c) uniform quantification.

Besides, we also evaluated the influence of the conduc-
tance interval in the mapping process. Applying the pulses
of different amplitudes to the VTEAM model, the intervals
of conductance change will be different, which has been dis-
cussed in the above section. We mapped the 4-bit simulation
weight into memristor array with pulse amplitudes of 0.8 V,

1V, 15V, and 2 V respectively. The different numbers of

pulses could modulate the conductances of memristors to var-
ious values. The classification accuracy is shown in Fig. 11, in
which the red line is the accuracy of inference under 64 bits in
the CPUs. When the pulse amplitude increase, the classifica-
tion of the CNN decreases. The accuracy drops to 90% when
the pulse amplitude is 2 V. Besides the conductance interval

in the mapping process, the device linearity may also be a key
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element for the performance of the CNN, which needs further
studying. In this work, we trained the CNN in MATLAB, and
then quantified the weight with uniform quantification under
4 bits, the quantified weight was mapped into the memristor
array with 0.8 V of pulse amplitude of which the distribution
of conductance is shown in Fig. 12, We achieved the compa-
rable recognition accuracy (97.36%) with inference in CPUs
under 64 bits (98.23%).

In our experiments, we have used different ANNs to ver-
ify the availability of the algorithm. The MLP and Lenet-5 are
tested by using the same methods, and the classification accu-
racies of both neural networks are shown in Table 3. The algo-
rithm worked well when the symmetry in SET and in RESET
were bad. It was because the conductance of the memristor
in the mapping process had been modulated once. The experi-
ment explained that the off-chip learning algorithm has the po-
tential to operate various ANN. Furthermore, we added noise
into the mapping process to simulate the memristor variabil-

ity of the memristor, which can be described in the following

HEEH
FEH

First convolution layer

form:

Choise = i((cinitialize + Cmax)/N) X random(O, 1)7 a7

where Cyise 1S the noise of conductance, Cipjialize 1S the con-
ductance of applying zero pulse, Cax is the conductance when
using the maximum number of pulses, and random is the ran-
dom interval (0,1). Table 3 shows that the algorithm is effec-
tive in consideration of the memristor variability.

100 7 - T
— 4-bit inference in memristor array
— 64-bit inference in CPU
&5
& 95}
—
=}
I3}
I}
<
90 . -
0.8 1.0 1.5 2.0

Pulse amplitude (V)
Fig. 11. Accuracy varying with pulse amplitude of memristor array for 4-

and 64-bit inferences.

50 pS

Second convolution layer

5 uS

Fully connected layer

Fig. 12. Mapping 4-bit uniform quantification to the conductance distribution of the memristor when pulse amplitude is 0.8 V.

Table 3. Accuracies of various neural networks during training and in-
ference implemented on memristor arrays.

64-bit (%) 4 bits 4 bits with noise

in memristor (%) in memristor (%)
MLP 97.8 96.44 95.50
LENET 97.82 95.83 95.40
CNN 98.23 97.36 94.49

4. Conclusions

In this paper, we proposed a memristor array deployment
algorithm of ANN based on the off-chip learning. The simu-
lation results show that the proposed algorithm can achieve a
classification accuracy of 97.36% with a 5-layer CNN struc-
ture on the MNIST data set while the intermediate results sig-
nificantly decrease to 4 bits. In addition, we discuss the influ-
ences of different quantification methods and precision on the
performance of CNN. The uniform quantification makes CNN
show better recognition accuracy, and it is enough for accuracy
to quantify the weight into 4 bits. Then, we study the influence
of conductance interval in the mapping process, conclude that

the smaller the conductance interval, the better the CNN per-
formance is. Besides, we use the algorithm to implement MLP
and LENET on the memristor arrays and add the noise into the
process of mapping. The results show that it is also applicable
to other neural networks. Experimental results demonstrate
that the algorithm can be implemented on a memristive com-
putation platform and tolerate the device characteristics such
as the device noise and low-precision.
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