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Abstract—1In this paper, a method for offline training of
inverter-based memristive neural networks (IM-NNs), called
ERIM, is presented. In this method, the output voltage of the
inverter is modeled very accurately by considering the loading
effect of the memristive crossbar. To properly choose the size of
each inverter, its output load and the required slope of its voltage
transfer characteristic (VTC) for an acceptable level of resiliency
to the circuit element non-idealities are taken into account. The
efficacy of ERIM is investigated by comparing its accuracy
to those of two recently proposed offline training methods for
IM-NNs (RIM and PHAX). The study is performed using IRIS,
BCW, MNIST, and Fashion MNIST datasets. Simulation results
show that 72% (56%) reduction in average energy consumption
of the trained networks is achieved compared to RIM (PHAX)
thanks to proper sizing of the inverters. In addition, due to the
higher accuracy of the NN mathematical model, ERIM results
in significant improvements in the match between the results of
high-level modeling and HSPICE simulations while exhibiting
lower sensitivity to circuit element variations.

Index Terms—Inverter-based memristive neural networks,
offline training, load of memristive crossbar, inverter sizing,
sensitivity to variations.

I. INTRODUCTION

NERGY consumption has become a key challenge

in designing NNs especially for data centers as well
as portable or battery-powered devices [1]. Examples of
approaches presented in the literature to overcome this chal-
lenge in digital platforms include computation in memory
(CIM) [2], employing approximate arithmetic units [3], and
pruning redundant weights [4]. Compared to digital imple-
mentations, analog NN implementations result in significant
reductions in the computation energy consumption as well
as improvements in the speed. For instance, the fabricated
memristive-based NN of [5] led to 30x and 110x better speed
and energy consumption, respectively, compared to the GPU
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platform for the MNIST dataset. In addition, memristive struc-
tures can be fabricated with a high layout density [6] while
enabling parallel execution of the multiplication operations of
each layer.

In the hardware implementation of memristive NNs, opera-
tional amplifiers (Op-Amp) [7], [8] or inverters [9]-[15] may
be employed. Among memristive neuron structures, an inverter
based structure can reduce the power consumption of a neuron
up to 800x compared to a similar Op-Amp based neuron [9].
This leads to an ultra-low power implementation of NNs which
makes IM-NNs good candidates for implementation of internet
of things (IoT) smart sensors [11].

One of the main limitations of memristive NNs is their
accuracy degradation due to circuit element non-idealities.
As an example, the accuracy of an Op-Amp based memristive
NN under MNIST benchmark may degrade by more than
30% when considering conductance variation of memris-
tors [16]. Several approaches ([16]-[21]) have been proposed
in the literature to overcome the memristor non-ideality con-
cern. The situation becomes worse in the case of IM-NNs
where the complexity of characteristics modeling of inverters
and the non-ideality of the constituent circuit elements can
significantly degrade the output accuracy of the NN during
both training and inference phases. In other words, inaccu-
racies of inverters VTC models (i.e., the difference between
the employed model and actual characteristic of the fabricated
device) utilized in the offline training phase may result in
large errors in estimating the network outputs. To realize the
advantages of IM-NNs, first, accurate modeling of the behav-
ior of the network under the ideal conditions (without any
variations) is required. Next, a variation mitigation approach
must be developed to suppress the effect of said non-idealities.
Among the variation mitigation approaches proposed in the
literature for IM-NNs ([12], [14], [15]), the RIM method [15],
in which the VTC slope of the inverters was reduced by adding
low resistance grounded resistors to the output node of each
inverter, is highly effective. This approach, however, suffers
from the power dissipation overhead associated with the added
resistors.

In this paper, we introduce an enhanced version of RIM,
called ERIM, in which the behavior of the inverters of the NN
under the ideal conditions are modeled with high accuracy.
In addition, the inverters are properly sized based on their
approximate equivalent output resistance and their required
VTC slopes. This leads to considerable improvements in the
power consumption of the NN given similar NN output accu-
racy. It is worth noting that in RIM and PHAX approaches,

1549-8328 © 2021 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: University of Southern California. Downloaded on February 27,2023 at 17:02:01 UTC from IEEE Xplore. Restrictions apply.


https://orcid.org/0000-0003-1210-5996
https://orcid.org/0000-0001-7098-6440
https://orcid.org/0000-0001-8614-2007
https://orcid.org/0000-0002-2677-7307

3412

sizes of all inverters were chosen to be five times that of a
minimum sized inverter, which can result in an unnecessary
increase in the power consumption. Furthermore, in these
approaches, fixed VTC coefficients were considered for mod-
eling the behavior of all inverters of the network, which
can cause modeling errors. Based on the above explanations,
the contributions of this work are enlisted as follows:

> A highly accurate analytical model for the NN inverters is
proposed which leads to matching accuracy in the range
of 95-100% between the results of the proposed math-
ematical model of the NN and the HSPICE simulation
results.

> The model suppresses adverse impacts of circuit element
non-idealities on the accuracy of the trained network.
On average, 0.9% and 1.7% improvements in the accu-
racy of the NN compared to those of the PHAX and RIM
methods in the presence of transistors non-idealities are
achieved.

> An approach for choosing proper sizes for the NN invert-
ers is suggested which reduces the energy consumption,
on average, by 56% and 72% compared to those of the
PHAX and RIM methods.

The rest of the article is organized as follows. A review of
the relevant prior works as well as the general structure of the
IM-NNs along with the training methods of PHAX and RIM
are briefly reviewed in Section II. In addition, the shortcomings
of PHAX and RIM methods as well as the importance of
selecting proper sizes for the inverters as the motivation of
the proposed approach are also dealt with in this section. The
proposed method is described in Section III while the results
are discussed in Section IV. Finally, the paper is concluded in
Section V.

II. BACKGROUND

In this section, first, prior efforts conducted on reducing the
severe effects of circuit elements non-idealities on the network
accuracy are reviewed. Next, a mathematical model of an IM
neuron is presented and two state-of-the-art offline training
methods (PHAX [9] and RIM [15]) are studied in more
detail. Finally, the motivation of proposing ERIM method is
presented.

A. Prior Works

As discussed before, despite the attractive features of
memristive crossbars for performing matrix vector multi-
plication (MVM) operations, they suffer from the accuracy
degradation due to individual memristor non-idealities. These
non-idealities may be caused by fabrication defects [7], [17],
limited conductance states [16], limited write precision [17],
or the conductance drift over time [8]. Due to the non-ideality
of fabrication process, it is possible that the resistance of
some memristors become fixed which results in stuck-at-
faults (SAFs). To overcome this problem, one may extract the
location and value of the faulty cells and train the network
based on the profile of the defective cells [7]. The number of
SAFs, however, can be reduced by improving the fabrication
yield (i.e., 99.8% fabrication yield of [17]). In addition, online
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Fig. 1. An inverter-based memristive neuron [14].

training of memristive NNs can alleviate their fabrication yield
issues [8]. However, memristor conductance drift due to its
retention limits may significantly degrade the NN accuracy
during the inference phase which can be mitigated by employ-
ing an error correction approach [18].

Experimental results extracted from fabricated memristive
crossbar of [17] revealed that the conductance of the pro-
grammed memristors may differ from their desired values
where the errors follow Gaussian distributions. The errors
can be mitigated using a larger number of closed-loop pro-
gramming iterations in the cost of programming time incre-
ment [17]. Furthermore, the endurance of a memristor may
be improved by reducing the number of writes on the mem-
ristor [19]. To overcome process variations of memristors,
one may employ memristors connected in parallel with the
overhead of higher cost and area occupation [20]. As another
approach, one may extract the actual resistance variation
of the programmed memristors and retrain the network to
compensate the variation effects of the weights [21].

In the case of IM-NNs, the loading effect of the memristive
crossbar and the effect of the process variation on the inverters
may also induce large errors in both the training and inference
phases. To reduce the effects of the characteristic variations
on the accuracy of IM-NNs, several approaches have been
proposed in the literature [12], [14], [15]. Due to the high
VTC slope of inverters, a small variation on the input voltage
of the inverter or the horizontal shift of the inverter VTC,
may cause large errors on the NN output voltage. To mitigate
the variation effects, in the RIM method [15], the VTC slope
of the inverter was reduced by adding a grounded resistor to
its output node which also reduced the loading effect of the
memristive crossbar on the output voltage of each inverter with
the overhead of increased power consumption.

As another technique, the inverter VICs of a fabricated
chip can be extracted [12]. The extracted VTCs, however,
may not be applicable for modeling the behavior of the
inverters connected to a large number of neurons as the
VTC coefficients are proportional to the loading effect of
the memristive crossbar which was not considered in [12].
As another approach, one may convert a regression question to
a classification one to benefit from its higher resilience to vari-
ations [14]. In [14], the regression output was discretized and a
classifier was trained to choose one of the discrete values as the
approximate output value. This approach, however, is practical
only for regression or function approximation applications.
Therefore, among the existing variation mitigating approaches
for IM-NNs, RIM is the most practical one.

B. Mathematical Model of an IM Neuron

Consider the j'* neuron of the I’ layer of a NN which has
m! inputs. Assume that the inputs, their corresponding weights,
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the bias, the activation function, and the output of this neuron
are represented by xf s wi.,i, bé., f,and yj., respectively. Then,
the output of this neuron can be calculated as
! ! m I gl

yjzf(netj)zf(zizl wj’ixxl-—i—bj), (1)
where xﬁ. = yﬁfl. The mathematical operations of (1) can
be implemented using an /M neuron whose circuit is shown
in Fig. 1. In this structure, memristors generate the required
weights and biases while the activation functions are imple-
mented by inverters. Writing the KCL equation for this neuron,
assuming a zero current flowing into the input terminal of the
inverter, leads to

oot g
netjzz_ (T x =—=——+4x;” x =—=—)+Vpp
i=1 Vi Vi

y (O'bj+—0'bj_), ?)
Vj

where, ¢ ; represents the conductance of the memristor and
i = >i (it +0ji7) +0objtT + ob;”. In addition,
Vpp(—Vpp) is equal to the positive (negative) source voltage
of the inverters. To make the mathematical model of this
neuron similar to (1), (2) may also be rewritten as

n
netj = Z (wjjiJr X xi+ +wj;” xx; )+ Vpp
i=1
O b, O

where the positive (negative) weights are equal to w; ;T =
ojit/yj (wji~ =0 /yj) and the positive (negative) biases
are equal to b;" = ob;T/y; (b;” = ob;"/yj). In the rest
of the paper, the first (second) inverter of Fig. 1 is denoted by
negative (positive) inverter.

C. PHAX Method

To train an /M-NN, it is required to mathematically model
the limited conductance range of the employed memristors.
Therefore, in the PHAX method [9], a continuous differen-
tiable weight mapping function was employed as

wiit=2g(0.") =221 0")), 4

where 6 parameters are trainable variables which define the
conductance of the memristors based on the following equa-
tions

+ o)
82 (O‘jji ) = " n — T _ (5)
2p=1 ("j,p + "j,p) tobj +ob;
O, — Omi
oiit = g1 (0i") = omin + ———F 79’1”" (6)
14e i

Here, o,,4x and o, represent the maximum and the
minimum conductance values of the memristors.

Furthermore, in the PHAX method, VTCs of a nom-
inal inverter and buffer were extracted using HSPICE
simulations and fitted to tangent hyperbolic functions
(a+b x tanh(d (x-c))) using MATLAB simulations where
(a, b, c, d) are the fitting parameters. Finally, back propagation
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approach was employed for training the network and calculat-
ing the conductance of the memristors. Further details of this
training method can be found in [9]. It is worth noting that the
fitting parameters of the VTCs depend on the resistive load
of the inverters and this dependency is stronger for smaller
sized inverters. Therefore, in the PHAX method, all inverters
were sized 5x of a minimum sized inverter to mitigate this
dependency. However, the dependency still exists and makes
PHAX training method not practical for larger NNs where
the number of neurons connected to the output node of each
inverter is large.

D. RIM Method

High VTC slopes of inverters and buffers make the accuracy
of the network very sensitive to the variations [15]. Note that in
this work, the average VTC slope of the inverter is considered
as its VTC slope (S) which is defined by

_ Vout (Vin = VIH) - Vout (Vin = VIL)
Vi —ViL ’

According to [15], the inverter VTC slope can be approxi-
mated as

N )

S~ (gmn +gmp) X (ro,n”ro,p”RM) (®)

where gun (gmp) and 7, (ro,p) are the small signal parame-
ters of the NMOS (PMOS) transistor and Ry, is equal to the
equivalent resistance of the memristive crossbar [15]. In RIM
method [15], the inverter VTC slope was reduced by adding a
grounded resistor with a low value to the output node of the
inverter. This also improved the efficacy of the training method
by reducing the sensitivity of the VTC fitting parameters
(a,b,c,d) to Ry value. Even though decreasing the VTC
slope results in a better accuracy when considering variations,
it also results in lower training accuracy in the ideal case which
is undesirable. This necessitates a trade-off to find appropriate
resistance values for the grounded resistors. Simulation results
of [15] revealed that, to ensure an acceptable trade-off between
the accuracy of the network in the nominal and variation
conditions, the output resistance of the negative (positive)
inverter should be chosen such that the coefficient d,,(b,d))
becomes equal to 15 (-1). Sizing of the inverters in RIM
method is similar to that of PHAX. Further details of RIM
method are provided in [15].

E. Motivation

As mentioned in [9], choosing larger sizes for the inverters
reduces the sensitivity of the VTC coefficients to the loading
effect of the memristive crossbars. In other words, by choosing
larger size inverters, the impact of loading effect of the
memristive crossbars on the VIC of the inverters reduces.
Consequently, assuming constant coefficients for modeling the
behavior of the inverters in the offline training phase (i.e.,
as was done in RIM and PHAX methods) results in smaller
errors when larger size inverters are utilized. On the other
hand, by increasing the size of an inverter (i.e., by k times),
it is expected that its area occupation and power consump-
tion increase by almost k times which are not desirable.
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Fig. 2.
The VTC approximation error of the d) straight forward and e) proposed formulation for an inverter with size = 2 and Ry, = 100KQ.

The delay of the NN significantly depends on the resistance
of the memristors that transfer the signals [20]. Furthermore,
by increasing the size of inverters by k times, the equivalent
output resistance of the inverters (their input and output
capacitances) decreases (increase) by almost k times while
the resistances of the memristors generating the weights and
biases are unchanged. The output resistance of the inverter
is connected in series with the memristors. Therefore, their
equivalent resistance, which is equal to their sum, decreases
by lower than k times. As the input capacitance of the inverter
of the next layer is increased by k times, the equivalent RC of
the considered path should increase resulting in larger delays.
Therefore, increasing the inverter size results in larger area,
power, and delay which are not desirable. This means that
to have an acceptable accuracy without unnecessary increase
in the area, power, and delay, it is required to have a high
accuracy network model in which the sizes of the inverters
are properly chosen. Therefore, we propose the ERIM method
in which inverters are properly sized, thus avoiding excessive
energy consumption and area occupation when having higher
accuracies in network modeling (nominal condition) as well
in the presence of variations.

II1. THE PROPOSED METHOD

In this section, by studying the impact of the memristive
crossbar on the inverter VTC, an approach for choosing
proper sizes for the inverters is proposed. Then, the proposed
algorithm for training /M-NNs based on the proposed approach
is presented.

A. Inverter VIC Modeling

As mentioned in [15], the equivalent resistance of the
memristive crossbar may significantly change the VTC slope
of the inverters. Therefore, to model the output voltage of
inverters with high accuracy, it is required to consider the
equivalent resistance of the memristors as well as the impact of
output voltage of other inverters in the same layer. In this work,
we employ the Thevenin equivalent circuit of the memristive
crossbar to model the behavior of the inverters with a high
accuracy. To do so, first, the Thevenin equivalent circuit of
each memristive branch connected to the inverter output node
is found and then, it is employed to model the output voltage
of the inverter.

Output voltage of an inverter depends on the inverter size,
its input voltage, and its load. To explain it better, consider
the inverter of Fig. 2(a) where Ry (Vcpy) represents the
Thevenin equivalent resistance (voltage) of its memristive

_VCM=-0,25V
-V M=-0,15V
=-0.05V
V=0-05V
") M=0.15V
") CM=°'25V
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a) The circuit of an inverter with a resistive load and its VTC for different b) Ry, values with Vcpy = —0.05V and ¢) Vs values with Ry, = 100KQ.
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Fig. 3. a) Output resistance of inverters with different sizes based on the
inverter output voltage. Diagram of b) Ay, ¢) By, and d) Cs versus the size
of inverter (s).

crossbar. Output voltage of the inverter is shown in Fig. 2(b)
and Fig. 2 (c) for different Ry and Vcy values. The slope
of the inverter decreases when its resistive load is reduced.
In addition, the VTC diagram moves vertically based on the
Ve value. The effect of Vs on the inverter output voltage
could be calculated exactly using proper circuit equations.
For the sake of modeling simplicity, we calculate the inverter
output voltage approximately as

Vout ~ fn (Vm) |VcM=0 + VCM (9)

t
R: + Ry
where R; =r,||r, and f, is the VTC of the inverter assuming
a resistive load of Ry with Vey = 0. Here, 1, and 1,
represent the resistances of the NMOS and PMOS transistors.
To demonstrate the significance of the proposed formulation,
its approximation error (the difference between the exact
and approximate values of V,,;) is compared to that of the
straight forward approach in which V,,; is approximated by
Jfn (Vin) lvey=0- Results are depicted in Fig. 2 (d) and (e). The
comparison reveals that the proposed method can reduce the
error of VTC modeling considerably.

To find V,,; based on (9), it is required to find R; value. The
amount of R; based on the output voltage of the inverter is
shown in Fig. 3 (a) where the size of the inverter is considered
as the running parameter. As shown in this figure, the rela-
tion between the output resistance and output voltage of an
inverter may follow the behavior of a parabolic function. This
inspired us to use parabolic curves (i.e., with the function of
As + BsVour + Cy Voutz) to model the characteristics shown
in curves of Fig. 3 (a). The coefficients A, By, and C; are
functions of the inverter size (see Fig. 3 (b)-(d)) which can be
modeled by the function of a,/ (,Bp + s) where p represents
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a) Thevenin equivalent circuit of each branch of memristive crossbar connected to the output node of an inverter. b) Simplified circuit of a memristive

crossbar to find the approximate value of Rj;. ¢) Simplified circuit of a memristive crossbar to find the approximate value of V.

the considered coefficient (i.e., a4 represents coefficient o of
the fitted curve to Ay).

To find Ry and V¢ values, consider a memristive crossbar
with ¢ inputs and u outputs. In this crossbar, output node of
each inverter is connected to # memristive branches where the
Thevenin equivalent circuit of each branch is shown in Fig. 4
(a). Note that r; (V;) represents the Thevenin equivalent
resistance (voltage) of each memristive branch. As the circuit
of Fig. 2 (a) is the Thevenin equivalent circuit of Fig. 4 (a),
Ry and Vs are obtained by

1
Ry = —=—

: (10)

and

u V

Vem = R L. 11
M M ; . (11)
In the next step, r; and V; values should be found for each
inverter. Consider Fig. 4 (b) which shows the structure of the
memristive crossbar (for simplicity, we have not distinguished
the biases from the other weights). r; and V; of the i input
inverter are represented by r;; and V;; (i <t and j < u). Note
that R;; represents the resistance of the memristor connecting
" input to the j'* output. As shown in this figure, r ji can be

calculated as

rjii = Rj; —i—r}i. (12)
where 7’ is the equivalent resistance of the branches con-
nected to the other inputs of the considered crossbar. The num-
ber of these branches is equal to ( — 1) where their equivalent
conductance can be calculated by adding the equivalent con-
ductance of each branch (see Fig. 4 (b)). Note that connecting
resistors in parallel results in an equivalent resistance which
is smaller than the resistance of each resistor Therefore, for
a large r value, we can assume that r . < Rj; and hence,
neglect its impact on r;;. Therefore, We approximate rj; as
Rj;.

To find Vj;, we have to determine the open circuit voltage
of the j* branch which circuit is shown in Fig. 4 (c). In other
words, to find V;, all inputs are applied to the crossbar except
for i’" input (X;) which is assumed to be a floated node.
Therefore, the voltage may be calculated as

Oik
Vii= > Xpx 2=, (13)

ki Vi
where y;; = Zk# ojk. Let us consider the crossbar when

it operates in its normal mode (all the inputs are exerted to

the crossbar similar to Fig. 4 (b)). In this case, net; can be
calculated as

nezj_Zka(l_", (14)

where y; = 22:1 0jk. Comparing (13) and (14), it can be
inferred that the amount of V;; and net; would be close to
each other, especially, for large ¢ values, and hence, V;; can

be approximated as
Vji%netj. (15)

Now, based on (10), Ry,; (the Thevenin equivalent resis-
tance of the i™M inverter) can be approximated as

1
Ry, ~

L u |
Zj:lR_j,-

Also, based on (11) and (15), Ve, (the Thevenin equiva-
lent voltage of the i inverter) may be approximated as

u
- netj
~ Ry, E —.
— Rji
j=1

(16)

Vewm,i (17)

B. Inverter Sizing

To generate a characteristic for the inverter with low
sensitivity to the loading effect of the memristive crossbar
without increasing the inverter power consumption, choosing
proper sizes for the inverters should be targeted. It should be
mentioned that similar to [9] and [15], for an inverter of size s,
(W/L), =2s and (W/L),, = 1.2s are assumed. To determine
proper sizes, we employ the idea of the RIM method in which
a grounded resistor was added to the output node of each
inverter and its resistance was chosen by considering a trade-
off between the accuracies of the network in the nominal and
variation conditions. For given inverter sizes of s, and s, for
the negative and positive inverters, we find R, and R, as
the resistances at which the corresponding tangent hyperbolic
coefficients d,, and b,d, of the inverters become 15 and —1,
respectively. The values of R, and R, for different inverter
sizes are plotted in Fig. 5 which shows that a reciprocal
function (i.e., R, = A,/ (B, + s,)) can model the relation
between these quantities and the sizes of the inverters. The
fitting coefficients are extracted using MATLAB simulations.

Next, proper sizes for the inverters should be selected based
on their output resistive load as well as their required VTC
slope. The equivalent resistance of the memristive crossbar
(i.e., Ryyn and Ry, for the negative and positive inverters,
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Fig. 5. The amounts of a) R, and b) R, versus the size of the inverter.

respectively) can be approximated based on (16). Assume that,
similar to RIM method, a grounded resistor is connected to the
output node of each inverter (Rg, and Rg, for the negative
and positive inverters, respectively). As the VTC coefficients
are proportional to the equivalent output resistance of the
inverter (i.e., Ry || RGn), to have inverters with coefficients d,,
and b,d ), almost equal to 15 and -1, respectively, the following
equations should be satisfied.

Ri= —4— (18)
R_Mn + RGn
1
Ry = (19)
T Rey

Based on (18), it is obvious that Ry, should be larger than
R, which leads to

Ri= =22 < Ry (20)
By + sn
This sets a constraint on the size of the inverter as
An — B, <s,. (1)
RMn -

Due to the higher power consumption and area cost of larger
inverters, we choose the size of the negative inverter to be

et
Sp = — B, |.
RMn

Next, R, can be extracted based on (20) which helps
in finding the resistance of the grounded resistor (Rg,) by
employing (18). Similarly, the size of the positive inverter
(sp) and the resistance of its grounded resistor (Rg,) can be
chosen.

The same hardware may be used to run different NN appli-
cations. To have the capability of choosing the inverter sizes
which reduce the power consumption, we propose to employ
adjustable size inverters whose internal structure is depicted
in Fig. 6 (a). In this structure, inverters with different sizes can
be parallelized using transmission gates (TGs). An example
of adjustable inverters composed of two and three inverters
with different sizes is given in Fig. 6 (b). In the cases where
larger size inverters are not connected to the crossbar, their
corresponding input ports are floated by the TGs avoiding
any dynamic power consumption. The structure of a flexible
memristive crossbar composed of similar adjustable negative
and positive inverters is drawn in Fig. 6 (c). Note that the
required slope for the positive inverters is lower than that of
the negative ones. This leads to smaller sizes for the positive
inverters which are implemented using adjustable inverters
composed of two inverters (see Fig. 6 (b) and Fig. 6 (¢)). Since

(22)
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the delay of the NN depends on the capacitances of different
nodes (see Subsection II.E), and the use of TGs increase the
total capacitance of the network nodes, an efficient design
employs a combination of fixed and adjustable size inverters
in each layer of the NN as shown in Fig. 6 (d). This way,
the area overhead decreases too.

C. ERIM Algorithm

In this part, the information provided in the previous
subsections is utilized to propose a training method for
IM-NNs, called ERIM, which improves the power consump-
tion of the NN while simultaneously reduces the severe
effects of circuit parameter variations. The flowchart of ERIM
approach is presented in Fig. 7. First, the size of the inverters,
their grounded resistors, and the activation functions are deter-
mined based on RIM method. Next, the first epoch of training
is performed and the conductance values of the memristors are
determined. The loading effect of the memristive crossbar is
then approximated based on (16) and (17). In addition, sizes
of the inverters as well as resistance values of the grounded
resistors are chosen based on (18) and (22). As the next step,
the activation functions are updated based on (9). Finally,
the termination condition is checked. If the termination con-
dition is not satisfied, another epoch of training is performed
and the above steps are repeated. In this paper, the number of
training epochs is considered as the termination condition.

IV. RESULTS AND DISCUSSION

In this section, first, the training accuracy of the proposed
method is compared with those of PHAX and RIM methods.
Next, the design parameters (delay, power, and energy) of
the IM-NNs trained by these methods are compared. Finally,
the accuracy of the networks in the presence of memristors
and transistors non-idealities is studied.

A. Simulation Setup

All networks were trained using TensorFlow where Adam
optimizer was employed as the training optimizer. To extract
the accuracies of the networks as well as their delays and
power consumptions, HSPICE simulations were performed
where a 90nm technology and the memristor model of [22]
were utilized. The employed memristor had maximum and
minimum conductance values of 8x0U and 0.12x0, respec-
tively [13] and the voltage sources of the network were
considered to be equal to +0.25V. In the initialization step
of ERIM, the sizes of all inverters were chosen to be five
while Rg, and Rg), for all the negative and positive inverters
were selected to be S0KQ and 10K Q, similar to [15].

B. Training Accuracy

Output accuracies of the networks trained by PHAX, RIM,
and ERIM methods are reported in Table I. They were
measured using Python simulations which include simple
mathematical model of the network employed in the training
phase of the considered methods. For the IRIS and BCW
datasets which include 120 (30) and 546 (136) train (test)
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samples, 1,000 epochs for training were considered while for
MNIST and Fashion MNIST datasets with 60,000 (10,000)
train (test) samples, 100 epochs of training were performed.
The number of inputs, outputs, and hidden neurons of each
network are reported as the network configuration in Table I.
As was expected, reducing the VTC slope of the inverters in
RIM and ERIM methods results in lower accuracies compared
to that of PHAX method. As will be shown later, however,
RIM and ERIM approaches lead to higher accuracies in the
presence of variations as well as better matching between the
results generated by HSPICE and high level (i.e., Python)
simulations.

The chosen sizes and grounded resistor values of some
inverters (i.e., neurons) of the first layer of IM-NNs for the
MNIST dataset versus the epochs of ERIM training approach
are depicted in Fig. 8 (a) and Fig. 8 (b). Since the number of
inverters in the first layer of the considered NN was 60, for a
better illustration, we selected some of the neurons and plotted
the updating procedure of their sizes and grounded resistor
values. The index of the considered inverter is shown as the
legend of the figures. In addition, the training accuracy of the
NNs trained by PHAX, RIM, and ERIM methods at different
training epochs are provided in Fig. 8 (c). The distributions of
the conductance values of the trained NNs for BCW dataset are
also depicted in Fig. 8 (d)-(f) which are utilized for justifying
the electrical parameters of the trained NNs for BCW dataset.

To evaluate the efficacy of the training methods, it is
required to measure the accuracy of the networks using
HSPICE simulations which include high accuracy model of
the network. For this purpose, we selected 1,000 samples from

TABLE I

COMPARISON OF THE ACCURACIES OF THE NETWORKS TRAINED
BY PHAX, RIM, AND ERIM APPROACHES EXTRACTED
BY PYTHON SIMULATIONS

Dataset C Ne:tworkv Training Acy;rzjrlscy Acfzjj;cy
onfiguration method %) %)
PHAX 99.2 100
IRIS 4-5-3 RIM 95.8 96.7
ERIM 95.8 96.7
PHAX 99.3 95.6
BCW 10-55-2 RIM 97.6 96.3
ERIM 97.6 96.3
PHAX 97.9 95.7
MNIST|784 - 30 - 40 - 10] RIM 90.7 91.1
ERIM 91.1 91.5
. PHAX 92.3 87.0
ﬁf\ﬁ‘é’;‘ 784 - 30 > 40 > 10] RIM | 850 83.4
ERIM 84.8 83.2

the training datasets and measured the following parameters
for each network:

e Accpysim : The percentage of the samples correctly
classified by Python simulations.

e Accspsim : The percentage of the samples correctly
classified by SPICE simulations.

o PySp_Match The percentage of samples whose
selected classes by Python and SPICE simulations are
the same.

e Oj_err : The mean absolute difference between the
voltage of the i’ layer outputs extracted by Python and
SPICE simulations.

The parameters are reported in Table II which demonstrate
that for smaller-sized NNs (i.e., for IRIS and BCW bench-
marks), the networks trained by PHAX exhibit higher accuracy
(Accspsim) compared to RIM and ERIM. For larger-sized
NNs (i.e., for MNIST and Fashion MNIST benchmarks),
the training accuracy of PHAX degrades, while RIM and
ERIM methods can model the NN outputs with high accu-
racy (PySp_Match values more than 94%). In addition,
for larger-sized NNs trained by RIM or ERIM methods,
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Fig. 8. The procedure of updating a) the size and b) resistance of the grounded resistor of inverters of the first layer of an IM-NN under MNIST benchmark
during the training phase of ERIM. ¢) Training accuracy of the IM-NNs trained by PHAX, RIM, and ERIM methods under MNIST benchmark versus the
training epochs. Distribution of memristors conductance values of the NNs trained by d) PHAX, e) RIM, and f) ERIM methods for BCW datasets.

TABLE I
COMPARISON OF THE ELECTRICAL PARAMETERS AS WELL AS MODELING ACCURACIES OF PHAX, RIM, AND ERIM TRAINING METHODS

Dataset Training Accpysim AccCspsim PySp_Match 0,_err 0,_err O5_err Delay Power Energy
Method (%) (%) (%) (mV) (mV) (mV) (ns) (uW) (f1)
PHAX 99.2 97.5 98.3 13 7 - 4.0 5.8 23.1
IRIS RIM 95.8 95.8 100 18 8 - 1.5 30.5 45.8
ERIM 95.8 95.8 100 21 10 - 1.1 9.6 10.5
PHAX 99.3 98.5 99.3 18 4 - 3.1 6.2 19.3
BCW RIM 97.6 974 99.8 19 3 - 1.2 29.3 35.1
ERIM 97.6 97.6 99.6 36 7 - 1.0 9.0 9.0
PHAX 97.3 28.0 28.5 162 151 106 2.1 164.7 3459
MNIST RIM 90.8 89.8 96.8 33 55 45 1.6 315.7 505.1
ERIM 914 91.1 97.7 27 21 12 1.3 110.2 143.3
Fashion PHAX 92.6 26.6 26.9 161 244 263 2.1 174.6 366.7
MNIST RIM 85.5 83.0 94.6 31 56 39 1.4 304.7 426.6
ERIM 85.4 83.6 95.0 25 21 12 1.4 106.4 149.0

the modeling error of each layer output voltage (O;_err) is
considerably lower than that of the PHAX method. As an
example, Os_err (the modeling error of the output layer)
of ERIM is, on average, 8.8 x (21.9x) smaller than that of
PHAX for the MNIST (Fashion MINIST) dataset. Further-
more, the accuracies (Accspsim) of the networks trained by
ERIM are slightly higher than those of RIM. Additionally,
in ERIM, the modeling error of the hidden layer output volt-
ages are reduced, on average, by 40% for MNIST and Fashion
MNIST datasets compared to those of the RIM method.

C. Hardware Evaluation

To evaluate the impact of different training methods on the
hardware implementations of the networks, their delays, power
dissipations, and energy consumptions were extracted using
HSPICE simulations where the results are reported in Table
II. As the results reveal, the delays of the networks trained by
RIM or ERIM are considerably lower than those of PHAX
which is compatible with the results of [15]. It is worth
noting that the delay of the network inversely depends on the
conductance of the memristors which transfer the signal. Let
us consider the distribution of memristor conductance values
for the BCW dataset for PHAX, RIM, and ERIM methods
which were plotted in Fig. 8 (d)-(f). As shown in these figures,
in the latter two approaches, most of the conductance values
are almost equal to 0.12x2Q7! or 8uQ~! where the first
value represents weights with the value of ~0 not having
a significant impact on the net voltages of the inverters.
This implies that signals pass through the memristors with
conductance of 84Q~! to generate the net voltages. However,
in PHAX structure, many conductance values are in the
range of [1/19_1, 8,11(2_1]. This shows that the ner voltages

of the inverters depend on almost all of the inputs of that
neuron. As the delay of the network inversely depends on the
conductance of the memristors, the delay of the NNs trained by
PHAX is higher. In addition, in ERIM, inverters are properly
sized based on their equivalent output resistances. This results
in considerable improvement in the power consumption com-
pared to that of RIM, and hence, on average, 66% reduction
in the power consumption compared to RIM method as well
as energy consumption improvement up to 59% compared to
PHAX method are achieved.

D. Network Accuracy in the Presence of Variations

To evaluate the accuracy of the trained NNs in the
presence of variations, two scenarios in which Gaussian
random variations were applied to the memristor conduc-
tance [5], [14], [15], [19], [23] or the threshold voltage, width,
and, length of the transistors [9], [11]-[15] were studied. These
scenarios are denoted by 10VAR_M (20VAR_M) with the
variability (o/u) of 10% (20%) exerted to the memristors con-
ductance and SVAR_T (10VAR_T) with the variability of 5%
(10%) applied to the transistors parameters. Furthermore,
1,000 simulations were performed to extract the mean and
standard deviation of the network’s output accuracy, denoted
by tacc and o4cc. It is worth noting that in the memristor
model used in this study, the memristor conductance values
were assumed to be changed continuously as a function of
the applied voltage pulse duration or amplitude [13]. Since
the conductance levels of the actual memristors are discrete,
we also considered the impact of limited conductance levels
(i.e., the ability of storing k-bit data) of the memristors in
the study. Results of the studies are reported in Table III
which reveal that the adverse effects of variations on the

Authorized licensed use limited to: University of Southern California. Downloaded on February 27,2023 at 17:02:01 UTC from IEEE Xplore. Restrictions apply.



VAHDAT et al.: LOADING-AWARE RELIABILITY IMPROVEMENT OF ULTRA-LOW POWER MEMRISTIVE NNs 3419
TABLE IIT
COMPARING THE ACCURACY OF THE NETWORKS TRAINED BY PHAX, RIM, AND ERIM APPROACHES IN THE CONSIDERED BENCHMARKS
UNDER DIFFERENT VARIATION CONDITIONS AS WELL AS LIMITED CONDUCTANCE LEVELS OF MEMRISTORS
Memristor Precision 10VAR M 20VAR M SVAR T 10VAR T
D Training
ataset Method 2-bit 3-bit 4-bit Hace Oacc Hace Oacc Hace O4acc Hace Oacc
(%) (%) (%) (%) (%) (%) (%) (%)
PHAX 96.7 96.7 96.7 96.4 4.1 93.6 7.7 97.3 33 93.3 7.2
IRIS RIM 93.3 96.7 96.7 95.8 1.5 94.4 2.9 95.8 1.7 93.9 3.6
ERIM 93.3 96.7 96.7 96.4 1.0 94.9 2.8 96.0 1.6 94.2 34
PHAX 95.6 94.8 96.3 95.8 0.5 95.6 0.5 95.7 0.5 95.2 1.7
BCW RIM 96.3 96.3 96.3 96.1 0.3 95.9 0.4 95.9 0.4 95.7 0.5
ERIM 95.6 95.6 95.6 95.9 0.4 95.9 0.4 96.0 0.4 96.0 0.4
MNIST RIM 89.0 88.7 89.0 89.0 0.2 88.8 0.3 86.6 1.3 81.0 4.4
ERIM 89.1 89.1 89.1 89.0 0.3 88.7 0.4 88.2 0.8 85.0 2.7
Fashion RIM 82.2 81.9 82.2 82.3 0.3 82.3 0.4 80.8 1.3 76.7 33
MNIST ERIM 82.5 82.5 82.6 82.7 0.3 82.5 0.5 81.8 1.1 78.9 3.1
TABLE IV
COMPARISON OF THE ELECTRICAL PARAMETERS AS WELL AS MODELING ACCURACIES OF DIFFERENT IMPLEMENTATIONS
OF NNS TRAINED BY ERIM METHOD
Dataset NN Accpysim AcCspsim PySp_Match 0,_err 0,_err 05 err Delay | Power | Energy
Structure (%) (%) (%) (mV) (mV) (mV) (ns) (LW) )
Fixed 89.6 96.7 25 56 32 1.4 535 739
MNIST FAd 90.8 89.8 95.4 26 30 19 1.5 148 221
AAd 88.9 94.9 28 53 33 2.9 223 642
Fixed 82.5 95.2 18 44 18 1.3 541 679
Fashion MNIST FAd 84.1 83.0 95.7 20 21 8 1.5 159 245
AAd 82.1 94.2 21 40 16 2.7 229 618

network accuracy are mitigated when RIM or ERIM methods
are employed. As an example, ERIM outperforms PHAX in all
the cases except for the IRIS benchmark in SVAR_T condition.
Also, g 4. of the networks trained by RIM and ERIM methods
are considerably lower than that of PHAX method. In addition,
ERIM outperforms RIM method in all cases except for BCW
and MNIST benchmarks under 10VAR_M and 20VAR_M
conditions where slight reductions of 0.2% and 0.1% in pAcc
are observed. Furthermore, the results reveal that in larger NNs
(i.e., for MNIST and Fashion MNIST datasets), the sensitivity
of the network output accuracy to the transistors variations
increases, resulting in larger reductions in the network accu-
racy. This reduction is smaller for ERIM compared to that of
RIM though. In addition, the results reveal that considering
small number of discrete levels for the memristors does not
have a significant impact on the accuracy of the NNs trained
by the RIM or ERIM methods. This originates from the fact
that the conductance values of the memristors for the networks
trained by these methods are usually stuck at opmax Or Opmin.
As mentioned in Section III.B, the same hardware may be
used to run different NN applications. Assume a 3-layer NN
with 64 neurons in the hidden layers and 16 outputs is utilized
to predict the outputs of MNIST and Fashion MNIST datasets.
The number of required hidden neurons for the considered
benchmarks is assumed to be 30 and 40 while the number of
outputs is 10. To evaluate the efficacy of our proposed method
in which adjustable size inverters are used to reduce the
power consumption, we considered three implementations for

the NN. In the first structure (denoted by Fixed in Table IV),
all of the hidden neurons were implemented using fixed size
inverters with the size of 14. In the second structure (denoted
by AAd in Table IV), all of the negative (positive) inverters
were realized using adjustable inverters composed of three
(two) inverters similar to those in Fig. 6 (c). In the third
structure (denoted by FAd in Table 1V), the NN consisted
of a combination of fixed and adjustable size inverters.
In this structure, 30 hidden neurons were implemented using
fixed size positive and negative inverters with the size of 1.
In addition, 25 hidden neurons were implemented using
adjustable (fixed) size negative (positive) inverters where
the adjustable inverters were composed of two inverters,
similar to those in Fig. 6 (b), and the fixed size inverters had
the size of 2. The rest of neurons were implemented
using adjustable inverters composed of three (two)
inverters for realizing negative (positive) inverters (similar
to Fig. 6 (d)).

To evaluate the efficacy of our proposed method, the training
was performed for MNIST and Fashion MNIST datasets and
the trained neurons were mapped on the considered NN
structures. The electrical parameters as well as the accuracy
of the NNs are reported in Table IV. The results reveal
that using large fixed size inverters results in acceptable
accuracies while leads to a significant increase in the power
consumption. On the other hand, by employing adjustable
size inverters (AAd structure), the power consumption is
reduced compared to the Fixed structure with the overhead of
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Fig. 9. a) Circuit level implementation of IM-NNs considering a limited size for the memristor crossbars. b) The internal structure of MPR unit.

increased delay due to the added transmission gates. Employ-
ing a combination of the fixed and adjustable size inverters
(FAd structure) leads to a better implementation which has
acceptable accuracy and delay as well as the lowest power
consumption.

It is worth noting that in the case where the memristive
crossbar size is not large enough to implement the whole
weights of a layer, the weights of each layer can be distributed
on several crossbars where the partial results of each crossbar
can be merged to generate the final results of the considered
layer. To do so, negating inverters (for generating the partial
results) and additional memristor crossbars (for averaging the
partial results) can be added to the hardware implementation.
As an example, assume that the total size of the available
memristive crossbars is 2n X 2n where the inputs of the net-
work are distributed among k individual crossbars (as shown
in Fig. 9 (a)). In this structure, net; ; represents the i partial
net voltage generated by the j" crossbar. Each memristive
crossbar can be divided into k parts (each part has 2n/k
columns) and apply them to Merge Partial Results (MPR) unit
as shown in Fig. 9 (a). The internal structure of MPR unit
which consists of the negating inverters, memristive crossbars
(for producing the average of partial results), and activation
function generators is shown in Fig. 9 (b). The negating
inverters whose VTC slopes are reduced by the grounded
memristors generate almost —net; ; values. Writing KCL
equations for the node Net; results in

max

k o,

Net; = —net; ; X
IO CERRECS
+Zk S (—nerp x M), @23

j=14—=pi Py )

where y; = kopax + 2n — k)opin. Assuming op,ax > Omin,
one may approximate Net; as

In other words, the amount of Net; can be approximated
by the weighted sum (or almost average) of —net; ; values
for j < k. Therefore, the partial results (net; ;) can be
merged and then applied to other inverters with larger VTC
slopes for generating the required tangent hyperbolic activation
functions.

k

Net; ~ Z (—neti,j X

J=l1

Omax

(24)

V. CONCLUSION

In this paper, an offline training method, called ERIM,
was presented for training inverter-based memristive neural
networks (IM-NNs). In this method, the loading effect of the
memristive crossbar on the output voltage of the inverters
was approximated and employed to select proper sizes for the
inverters. High accuracy of the proposed NN mathematical
model resulted in better matching between the results gener-
ated by Python and HSPICE simulations compared to the case
of PHAX, a recently proposed offline training method for /M-
NNs. In addition, similar to RIM, another recently proposed
training approach, to mitigate the severe effects of variations
on the network accuracy, the VTC slope of the inverters was
reduced by adding grounded resistors to the inverter output
nodes. Due to proper selection of the inverters sizes, the power
consumption of the networks trained based on ERIM method
was considerably lower than that of RIM method. In addition,
ERIM resulted in higher accuracy in the presence of variations.
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