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Abstract—In this brief, we present a high accuracy training
method for inverter-based memristive neural networks (IM-NNs).
The method, which relies on accurate modeling of the circuit
element characteristics, is called LATIM (Loading-Aware offline
Training method for Inverter-based Memristive NNs). In LATIM,
an approximation method is proposed to estimate the effective
load of the memristive crossbar (as the synapses) while two NNs
are utilized to predict the voltage transfer characteristic (VIC)
of the inverters (as the activation functions). Efficacy of the
proposed method is compared with the recent offline training
methods for /M-NNs, called PHAX and RIM. Simulation results
reveal that LATIM can predict the output voltage of the IM-
NNs, on average, by 14x (6x) and 29x (4x) smaller error for
the MNIST and Fashion MNIST datasets, respectively, compared
to those of PHAX (RIM) method. In addition, 7M-NNs trained
by LATIM consume, on average, 62% and 53% lower energy
compared to PHAX and RIM methods due to proper sizing of
the inverters.

Index Terms—Inverter-based memristive neural networks,
offline training, effective load of memristive crossbar, VITC
prediction, proper sizing.

I. INTRODUCTION

EURAL networks (NNs) have gained considerable atten-

tion due to their large application domain such as image
classification [1]. The high energy consumption of NNs, how-
ever, has become a challenge for data centers as well as
portable or battery-powered devices [2]. To overcome this
challenge in digital platforms, several approaches, such as
approximate computing [3] and pruning redundant weights
or neurons [4], have been utilized. Employing non-digital
implementations such as the use of memristors for realizing
the NN weights is a promising new approach, which offers
considerably lower energy consumption as well as higher
computational speed compared to its digital counterparts [5].
In this approach, the matrix-vector multiplications (MVMs)
of NNs, which consume a large portion of the computation
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energy, are implemented by using memristive crossbars. As an
example, the fabricated memristor-based NN of [6] led to 30x
higher speed and 110x lower energy consumption, compared
to a state-of-the-art GPU platform for the MNIST benchmark
when achieving a classification accuracy of about 96%.

The activation function of memristive NNs may be imple-
mented by employing operational amplifiers (Op-Amp) [7] or
inverters [8]—[14]. In the case of IM-NNs, the VTC curves of
the inverters generate the required activation functions which
lead to up to 800x lower power consumption compared to the
case of using Op-Amp-based neurons [8]. Obviously, the speed
and power consumption improvements are significantly higher
compared to the digital implementation of NN (i.e., up to 9x
and 960x improvements in the speed and power efficiency
under Breast Cancer Wisconsin (BCW) benchmark [8]).

Despite these advantages of the inverter-based structures,
there is no accurate mathematical circuit model due to the high
complexity of the modeling required for the training of these
NNs. The work in [8], called PHAX (which stands for physi-
cal characteristics aware ex-situ training approach), considered
similar activation functions for all neurons of the network and
presented a method to model the limited set of memristors resis-
tance values for the offline training of IM-NNs. The VTC of
the inverter, however, depends strongly on its size (output drive
strength) as well as its load resistance, which were not consid-
ered in the PHAX training method. This makes the approach
inappropriate for NNs with a large number of hidden neurons
since the training accuracy strongly depends on how well the
activation functions are modeled. To reduce the sensitivity of the
inverters VTC coefficients with respect to the loading effect of the
memristive crossbars, grounded resistors with high conductance
values were connected to the output node of the inverters in RIM
method (which stands for offline training of resistor-inverter
based memristive neural networks) [14]. Although this approach
results in higher modeling accuracy compared to PHAX, it has
power overhead due to the added grounded resistors. In addi-
tion, circuit elements non-idealities may degrade the accuracy
of the IM-NNs. Several approaches (i.e., [15], [16], [17]) have
been presented in the literature to mitigate the non-ideality
issues of memristors. Furthermore, [11], [13], and [14] are the
recent works conducted on reducing the non-ideality issues of
transistors in /M-NNs.

To employ IM neurons for the design of NNs, one requires
a high accuracy model of the network. In this brief, we intro-
duce a high accuracy model for training /M-NNs where the
loading effect of the memristive crossbar is utilized to deter-
mine the proper sizes for the inverters and predict their VTC
coefficients. Thus, we train two small NNs and employ them
to predict the VTC coefficients of the inverters based on their
size and their effective load. Based on the above explanations,
the contributions of this work may be summarized as follows:
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> Predicting VTC coefficients of the inverters in the circuit

by employing a NN-based model.

> Choosing appropriate sizes for the inverters utilized in

IM neurons.

> Presenting a high accuracy method for the offline train-

ing of IM-NNs.

The remainder of this brief is organized as follows. The
general structure of the IM-NNs as well as the PHAX and
RIM training methods are briefly explained in Section II. The
proposed method is presented in Section III. The simulation
results are discussed in Section IV and this brief is concluded
in Section V.

II. INVERTER-BASED MEMRISTIVE NN§S

In the rest of this section, first, the network model employed
in PHAX [8] and RIM [14] training methods are presented.
Then, their shortcomings as the motivation of the LATIM
approach are studied.

A. IM-NN Model

An IM neuron, which circuit realization is shown in Fig. 1,
can generate the weighted sum of the inputs, add it by the bias,
and pass the result through the activation function. Writing the
KCL equation for this neuron results in

n + — —+ —
0 0ji objT—ob;
netj = Z (x,-+>< L—f—x,-_ X L)-i—VDDX (4) (D)
P v v i

where x;t (x;7) is the i positive (negative) input and
yj+ (y;7) is the positive (negative) output of j™ neuron.
Here, oj; is the conductance of the memristor and y; =
>y (0. +0ji7) + objt + ob; . Therefore, the positive
and negative weights (biases) can be calculated as wj,i+/ T =
ojﬁ/_/yj bt~ = abjr/_/yj). Note that sum of the weights
and biases of each neuron is “1”. Therefore, by increasing one
weight, other weights and biases decrease.

In PHAX [8], the VTCs of a nominal inverter and buffer
(two consecutive inverters) were extracted by HSPICE sim-
ulations and fitted to tangent hyperbolic functions (i.e., a +
b x tanh(x x d — ¢) where a, b, c,d are called the VTC or
activation function coefficients) to mathematically model their
behavior in the training phase. The simulation results of [14],
however, revealed that the VTC coefficients of the inverters
change due to the loading effect of the memristive crossbars.
To reduce this sensitivity, in RIM method [14], a low resis-
tance grounded resistor was connected to the output node of
each inverter. This approach leads to a better estimation of the
VTC coefficients while imposing some power consumption
overhead. In both of the PHAX and RIM methods, the sizes
of all inverters as well as the activation functions of all neu-
rons were assumed to be equal. Further details regarding the
procedure of the PHAX training method can be found in [8].

B. Motivation

The PHAX training method is suitable for training small
NNs where the number of memristors connected to the out-
put node of each inverter or the number of hidden neurons
in each layer is small. However, as shown in Fig. 2, loading
effect of the memristive crossbar (assuming that the equiv-
alent resistance of the memristive crossbar is equal to Rys)
may change the VTC coefficients of the inverters which is not
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Fig. 1. An inverter-based memristive neuron [13].
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Fig. 2. The fitted coefficients a) a, b) b, ¢) ¢, and d) d of the inverter VTC
versus the output loading resistance (Rps) as well as the size of the inverter.

considered in PHAX. In addition, as shown in this figure, the
VTC coefficients depend on the size of the inverter, too. Note
that similar to [8], for an inverter of size s, (W/L)p = 2s and
(W/L), = 1.25. As shown in Fig. 2, the coefficients a and b are
not strongly dependent on the inverter output load. Therefore,
one may consider constant values for these coefficients by
choosing proper sizes for the inverters based on their resis-
tive loads. The coefficients ¢ and d, however, exhibit a strong
dependence on the inverter size and its output load value. For
an accurate offline training of the network, this dependency
should be considered. It is worth noting that while these plots
have been extracted for inverters in 90nm technology, simi-
lar behavior has been observed in our experiments in other
technology nodes.

VTC changes due to the loading effect of the memristive
crossbars can cause large errors in modeling the behavior of
the network. In RIM method, the dependency between the
coefficients of the activation functions and the loading effect of
the memristive crossbar is reduced with the overhead of higher
power consumption. This motivated us to develop an approach
for choosing proper sizes for the inverters (the first and second
inverters of Fig. 1 denoted by negative and positive invert-
ers in the rest of this brief) as well as accurately predicting
their VTCs such that effective and reliable training can be
performed for the IM-NNs without consuming extra power.

III. THE PROPOSED METHOD

As mentioned before, the loading effect of the memristive
crossbar may have large effect on the inverters VTC curves,
a phenomenon which was not considered in the PHAX training
process. To overcome this shortcoming, we have developed the
LATIM method, which its flowchart is depicted in Fig. 3 (a).
In LATIM, first, sizes of all inverters are set to some default
value, e.g., 5. To model the activation functions, fitting parame-
ters of the VICs are determined based on the values extracted
from HSPICE simulations for unloaded inverters (i.e., with
no resistive loads). This initialization is the same as that of
the PHAX method [8]. Next, the first epoch of the training is
performed and conductance values of the memristors are deter-
mined (similar to PHAX). Subsequently, approximate loading
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Fig. 3.

resistances of the memristors as well as the sizes of the invert-
ers are determined. These parameters are employed to predict
the VTC of each inverter. As was shown in Fig. 2, the depen-
dency between the VTC coefficients and the size and resistive
load of the inverter is complex. Therefore, we have opted
to use pre-trained NNs to estimate the VTC coefficients of
an inverter based on its output resistive load and the size of
the inverter. Next, the activation functions of the model are
updated and the termination condition is checked. As long as
the termination condition is not satisfied, next epoch of the
training is performed using the updated activation functions.
In this brief, the number of training epochs (i.e., 100 epochs)
was considered as the termination condition. In the rest of
this section, first, the procedure of approximating the loading
resistance of the memristive crossbar is explained. Then, the
proper inverter sizes are chosen based on the approximated
resistive loads. Finally, an approach for predicting the VTC
coefficients is presented.

A. Equivalent Resistance of the Memristive Crossbar

Consider a memristive crossbar with n inputs and m outputs
as shown in Fig. 3 (b). The equivalent output load of the i
positive inverter, which is denoted by r,.+, may be calculated
from

W " 1
== 5= 2)
=1l = Rji + r/ji
where
! ! —+ ! + ! (3)
e . ooy
ri Ry D \R, K

Because r/ T is almost equal to the equivalent resistance of
2n—-1) parallel resistors, its value is assumed to be small
compared to R . Therefore, r R+ which leads to

“4)

Similarly, the equivalent load resistance of the negative invert-
ers (i.e., r; ) can be found.

B. Inverter Size Selection

As mentioned before, by increasing one weight of an IM
neuron, the other weights and biases decrease. Therefore, it
would be hard for an IM neuron to generate large net values
as it requires several large inputs while their corresponding
weights are also large (see (1)). The situation becomes worse
when the allowed input swing of the neuron reduces. Noting
the fact that the outputs of the negative and positive inverters

(b)

(a) Flowchart of LATIM. (b) An inverter-based memristive crossbar with n inputs and m outputs.

are utilized as the inputs of the neurons of the next layer, it is
not desired to have inverters with small output swings. Since
the output swing of the inverter is equal to 2b, the size of the
inverters should be chosen such that their coefficient b does
not change considerably due to the output load of the inverters.
By looking at Fig. 2 (a) and (b), for an inverter of size s,
a and b may be considered almost constant for the Ry, values
larger than a minimum resistance which is denoted by RL; in
this work. To have a high modeling accuracy when setting
a and b to constant values, the output resistance should be
larger than RL;. Now, we are to find a mathematical equation
for finding the proper size of the inverter based on its resistive
load. It is worth noting that the VTC of an inverter of size s and
resistive load of Ry /s is nearly the same as that of s minimum
sized inverters (inverters of size 1) and resistive load of Ry,
connected in parallel. Therefore, we may approximate RL; as
RL/s where RL; is defined as the resistance at which the
approximation errors of coefficients a and b are small values
(i.e., 1% and 2% of 2V pp in this work where Vpp (—Vpp)
is the positive (negative) supply voltage of the inverter.)
Next, we estimate the output load of the inverter, which can
be approximated using (4). This resistance should not be lower
than RL; providing a constraint on the size of the inverter. As
an example, for the i’ negative inverter with the size of s
and approximate output resistance equal to r; , the following
equation must be satisfied
_ RL;
r; > RLS; = —,

S

&)

which results in s;” > RL; /r; . To keep the power and area as
low as possible, the size of the inverter may be chosen as

RL{
; —

T

(6)

C. Modeling VTC of the Inverter

To model the VTC of each inverter, we have to find the value
of the coefficients a, b, ¢, and d. Because sizes of the invert-
ers are chosen based on (6), the output resistance is always
higher than RL;. Therefore, constant values can be considered
for coefficients a and b. Modeling coefficients ¢ and d is more
complicated. These coefficients strongly depend on the output
load and the size of the inverter (see Fig. 2 (c) and (d)). To
model this dependency, we train two NNs, called NN, and
NNg4, which can predict the value of the coefficients ¢ and d,
respectively, based on the output load and the inverter size. It is
worth noting that training of NN, and NN, is performed once
for a given CMOS technology. Therefore, the training proce-
dure of NN, and NN, does not induce overhead for training
of IM-NNs.
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IV. RESULTS AND DISCUSSION

In this section, the training accuracy of the proposed method
is compared with those of PHAX and RIM. The comparative
study includes both of system and circuit level simulations.

A. Framework of the Comparative Study

For the considered approaches, training phases were per-
formed by Python (TensorFlow) where the Adam optimizer
was employed as the training optimizer. To compare the
modeling accuracies as well as the electrical parameters of the
networks (i.e., delay, power, and energy), the trained networks
for IRIS, BCW, MNIST, and Fashion MNIST datasets were
implemented in HSPICE using a 90nm technology and the
memristor model presented in [18]. The numbers of inputs,
outputs, and hidden neurons of each network are reported as
the network configuration in Table I. The employed memris-
tor has maximum and minimum conductance values of 8uO
and 0.12n.3, respectively [12] and the voltage sources of the
network were set to +0.25V. In addition, NN. and NN, were
trained using 2,500 training samples in Python (Keras) where
mean squared error was considered as the cost function. These
networks have three hidden layers with 10, 8, and 8 neurons,
respectively.

B. Training Accuracy

The accuracy of the networks trained by PHAX, RIM, and
LATIM methods are reported in Table I. Results were gen-
erated by using Python simulations after 1,000 epochs of
training for IRIS and BCW datasets with 120 (30) and 546
(136) train (test) samples which are implemented using small
NNs. In addition, 100 epochs of training were performed for
the MNIST and Fashion MNIST benchmarks with 60,000
(10,000) train (test) samples which require larger NNs. The
average size of the inverters in each layer is also reported in
Table I. As the results show, LATIM and PHAX methods have
almost similar accuracy values for the test set which are larger
than that of the RIM method in all of the considered datasets
except for BCW.

C. Modeling Accuracy and Electrical Parameters

In this subsection, the modeling accuracies as well as elec-
trical parameters of NNs trained by the considered training
methods are compared. The modeling accuracy was defined
based on the closeness of the results generated by Python
to those obtained from the HSPICE simulations. The Python
model is based on the simple network model used in PHAX,
RIM, or LATIM while the HSPICE model includes complex
equations, more accurately modeling the real behavior of the
network. We selected 2,000 samples from the training and
test datasets and measured the classification accuracy (denoted
by Acc) and average error of NN output voltage prediction
(denoted by OFE) for each network which are reported in
Table II. OF is measured by finding the average absolute
difference between the results of Python and HSPICE sim-
ulations which represents how well the simple mathematical
equations of PHAX, RIM, and LATIM can model the real
complex behavior of the network. As the results reveal, when
the network size is small (i.e., for the IRIS and BCW datasets),
Acc of the networks trained by PHAX or LATIM is more
than 96.3% whereas this parameter is more than 95.8% for
the RIM method. Thus, all the training methods work well
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TABLE I
COMPARISON OF THE ACCURACIES OF THE NETWORKS TRAINED BY
PHAX, RIM, AND LATIM APPROACHES EXTRACTED BY PYTHON
SIMULATIONS AS WELL AS THE AVERAGE SIZE OF THE INVERTERS OF

EACH LAYER

INV Accuracy

. . .

L i i i ML
L1 L2 L3 Train| Test
pHAX | 5| s 1-1992]100
IRIS 45553 RM |55 ]-] o958 o7
LATIM J1al 1] - | 992 | 100
PHAX s -19.3]956
BCW 10552 RIM s|-1976 963
LATIM 150 1] - | 983 [95.6
PHAX | 5 | 5 15979 Joes7
MNIST|784 53040 >10] RIM | 5|55 ] 907 ]ori
LATIM [ 5 [15] 1 | 96.0 952
. pHAX | 5 |5 |5 [ 923 [s70
Ni‘;';'s"; 784 5305405101 RIM |5 ] s |s]ssolsssa
LATIM [82]13] 1 | 88.9 |86.2

TABLE 11
COMPARISON OF THE ACCURACY AND ELECTRICAL PARAMETERS OF
IM-NNs TRAINED BY PHAX, RIM, AND LATIM METHODS EXTRACTED
BY HSPICE SIMULATIONS

Train Test

Dataset Training Samples Samples
Method | acc | 0F | Acc| OE |Delay | Power| Energy
(%) | (mV) | (%) | (mV)] (ns) | (wW) | (D)
PHAX }97.5 7 96.7 7 4.0 5.8 23.1
IRIS RIM 95.8 8 196.7| 8 1.5 30.5 458
LATIM J98.3 8 100 7 3.0 3.7 11.2
PHAX J98.5] 4 [96.3] 4 3.1 6.2 19.3
BCW RIM 97.4 3 96.3 3 1.2 29.3 35.1
LATIM [98.21] 7 ]96.3 8 1.8 2.8 5.1
PHAX [J28.0] 106 §31.7] 107 2.1 164.7 | 345.9
MNIST RIM 89.8]1 45 |88.9] 46 1.6 | 315.7 ] 505.1
LATIM | 93.6 7 92.3 8 23 77.8 | 396.5
Fashi PHAX [J26.6] 263 J24.5] 258 2.1 174.6 | 366.7
1\;;11;130; RIM [83.0] 39 |s2.1] 39 | 1.4 | 3047 426.6
LATIM [86.1 9 83.7] 9 1.9 | 158.4 ] 306.0

for small NNs. When the network size increases (i.e., for
the MNIST and Fashion MNIST datasets), the performance
of PHAX deteriorates whereas RIM and LATIM still have
acceptable accuracies. In addition, in the proposed LATIM
method, OF is considerably lower than those of PHAX and
RIM methods when the network size is large. As an example,
OE of LATIM is, on average, 14x (6x) and 29x (4x) smaller
than those of PHAX (RIM) for MNIST and Fashion MNIST
benchmarks. In addition, due to proper sizing of the inverters,
the power consumption of the networks trained by LATIM is
reduced, on average, by 38% and 75% compared to those of
RIM and PHAX methods, respectively.
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Fig. 4. Proposed implementation of an inverter with adjustable size.

The LATIM approach can also be employed for IM-NNs
where the size of the inverters is fixed (e.g., using an IM-
NN hardware accelerator for different NNs). In this case, the
inverter size selection step is skipped and all of the VTC
coefficients can be determined using pre-trained NNs while the
equivalent output resistance of the inverters are found based
on (4). However, to have the capability of choosing proper
sizes for the inverters to reduce the power consumption, we
propose to employ inverters with adjustable sizes as the activa-
tion function generators of the IM-NN accelerator. The internal
structure of the inverters is depicted in Fig. 4. In this struc-
ture, inverters with different sizes can be parallelized using
transmission gates.

When implementing the network on silicon, (process) varia-
tions would affect the performance of the network, and hence,
one should resort to variation mitigation approaches for tack-
ling the variation in the hardware implementation of the NN
and/or those devised for the training phase to reduce the
impacts of the variation on the performance of the realized
NN. Since LATIM can predict the voltages of different nodes
of the NN with high accuracy, different variation mitigation
approaches can be added to the proposed network model to
reduce the severe effects of variations on the NN outputs.

To investigate the impact of variations on the network
accuracy, Gaussian random variations were applied to the
memristor conductance [6], [19] as well as the threshold volt-
age, width, and length of the transistors [8], [11], [13], [14].
Let us denote the variation scenarios of 20VAR_M with the
variability (o/p) of 20% for the memristors conductance values
as well as SVAR_T for representing the variability of 5% for
the transistor parameters and perform 1,000 simulations. The
simulations provided the mean network accuracies of 93.6%
and 98.9% under 20VAR_M condition and 97% and 98.8%
under SVAR_T condition for IRIS dataset, for the networks
trained by PHAX and LATIM approaches, respectively. The
corresponding accuracies in the case of the BCW dataset were
95.6%, 96.2%, 95.7%, and 96.2%, respectively. These results
indicate that the networks trained by LATIM had higher accu-
racies compared to those trained by PHAX due to the higher
modeling accuracy of LATIM.

V. CONCLUSION

In this brief, we presented a technique for improving the
training accuracy as well as reducing power consumption of
IM-NNs. The effective load of the memristive crossbar was
approximated and used in predicting the VTC of the inverter
with high accuracy. The impact of the inverter size on the
VTC also was considered. In the technique, which was called
LATIM, two NNs were trained to model the inverter VIC
coefficients based on the inverter size as well as its output load.
For the MNIST benchmark, the proposed method improved the
network accuracy from 31.7% to 92.3% compared to PHAX
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while also reduced the power consumption by 75% compared
to RIM, which are recently proposed offline training methods
for IM-NNs.
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