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Abstract—The selection of hyperparameters and circuit components for optimum hardware implementation of a neural
network is a challenging task, which has not been automated
yet. This work proposes the method for the selection of optimum
neural network architecture and hyperparameters using genetic
algorithm based on the hardware-related performance metrics,
such an on-chip area, power consumption, processing time and
robustness to hardware non-idealities, and focus on memristorbased analog network architecture. The experimental results
show that the proposed approach allows to select the optimum
architecture based on the designers’ preferences.
Index Terms—Memristor, Neural Networks, Analog circuit,
Hyperparameter selection, Genetic algorithm

I. I NTRODUCTION
The conventional neural network hyperparameter selection
approaches do not consider the hardware related performance
metrics when searching for the optimum network architecture [1]–[4] and the selection of the optimum circuit level
architecture for hardware implementation of the neural networks is performed manually. In this paper, we propose to
automate the selection of neural network architecture using evolutionary genetic algorithm [5]–[9]. A multiobjective
optimization approach is followed for the selection of the
optimum neuro-memristive hardware implementation taking
into account hardware-based performance metrics, such as an
on-chip area, maximum power consumption, and processing
time. The objective function takes into account memristor nonidealities [10]–[14] including limited number of stable resistive
states [15]–[17], resistance variation [18]–[21], possibility of
device failure [11], [22], [23] and memristor aging [24], [25].

Fig. 1: (a) 1T1R memristive crossbar array; (b-c) Tanh,
Sigmoid and ReLU activation function circuits; (d) on-chip
area and power consumption of separate components; (e)
distribution of weights considering conductance variation; (f)
aging effect in memristive devices.

II. M ETHODOLOGY AND RESULTS
1) Methodology: In this work, we focus on the hyperparameter optimization for analog memristive neural network
implementations. We consider the selection of four hyperparameters of fully connected network: (1) number of hidden
layers, (2) number of neurons in hidden layers, (3) activation
function of the hidden layers and (4) activation function of the
output layer. To reduce the complexity, we keep the number
of neurons and activation functions in all hidden layers the
same.
The analog circuit components of the considered architecture are illustrated in Fig. 1. We focus on the network
implementation using 1T1R memristive crossbar (Fig. 1 (a))
with difference amplifier readouts to represent positive and

negative memristive weights. The crossbar columns are read
sequentially and switched using transistors in the columns.
Fig. 1 (b-c) illustrates hyperbolic tangent (T anh), rectifier
linear unit (ReLU ) and sigmoid (Sigm) activation functions
[26] considered in the hyperparameter selection. Fig. 1 (d)
shows on-chip area and maximum power consumption of the
selected activation functions and crossbar components verified
by SPICE simulations.
The hyperparameters selection and the ways to include
hardware parameters to the selection of the architecture are
shown in Alg. 1, and related parameters are summarized in
the footnote1 . The main idea of the genetic algorithm is to
create a random population (Alg.1 (2-4)), a set of random

networks, from the hyperparameter vector, and evolve and
mutate (Alg.1 (19-22)) the population after each generation
maximizing the objective function (Alg.1 (18)) until reaching
the optimum solution. We set an objective function S as a
weighted summation of the scores of accuracy, area, power and
processing time, normalized between 0 and 1, where ”1” refers
to minimum area/power/time and maximum accuracy (Alg.1
(17)). The normalization considers the minimum and maximum area and power of the architecture based on the list of
selected hyperparameters. The experiments can include more
parameters in objective function calculation when considering
the effect of different hardware non-idealities. The on-chip
area is calculated according to Eq. 1, taking into account the
separate difference amplifier and activation function required
for the crossbar columns. Eq. 2 shows the calculation of
maximum power consumption, which refers to the maximum
possible power consumption during the READ operation of
a crossbar column considering that CMOS components of
the OFF columns are completely disconnected from power
supply. The processing time is calculated as t = T (nl + nout )
considering sequential processing of the crossbar columns. The
explanation of the parameters of Eq. 1-2 is listed as footnote1 .
A = n(nin + nout + (l − 1)n)Asyn2 +
+(nout + ln)Aperif + nlAaH + nout AaO

(1)

if l > 1 :
P = max(nin Pon2 + nin (n − 1)Pof f 2 + Pop + PaH ,
nPon2 + n(n − 1)Pof f 2 + Pop + PaH ,
nPon2 + (nout − 1)nPof f 2 + Pop + PaO )
otherwise:
P = max(nin Pon2 + nin (n − 1)Pof f 2 + Pop + PaH ,
nPon2 + (nout − 1)nPof f 2 + Pop + PaO )
(2)
In the experiments, we consider the robustness of the architecture to memristor non-idealities, such as limited number
of stable resistive states (quantization) [15], [17], resistance
variation [18], [27], possibility of memristor failure [22] and
memristor aging with time [24], [25]. The limited number
of resistive states is considered quantizing the weights to L
states between Wmin and Wmax (Alg.1 (8)). The resistance
variation is performed using Gaussian distribution function
Gd () with mean µ = 0 and varying standard deviation std = σ
(Alg.1 (10)). The example for the distribution of a quantized
minimum and maximum memristive weight is shown in Fig.
1 (e). The memristor failure is performed by setting f % of
random memristors in a crossbar to Ron or Rof f states (Alg.1
(12)). The effect of memristor aging is evaluated by removing
1

a% of highest and lowest resistive states in the device shown
in Fig. 1 (f).
Algorithm 1: Multiobjective optimization with genetic
algorithm for neural network hyperparameter selection
considering hardware performance metrics
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for G generations do
if G = 1 then
Create a population of p random networks
Train all networks
for all networks do
for i iterations do
if quantizing weights then
W =quantize(W, Wmin , Wmax , Ltotal )
if introducing resistance variation then
W =W +Gd (µ = 0, std = σ)
if memristor failure=true then
W =f ail(W, f %)
if memristor aging = true then
W =aging(W, a%)
Calculate network accuracy Aci
Calculate average accuracy score Acs =avg(Aci )
Calculate A, P and t and normalized scores:
As =1-(A-Amin )/(Amax -Amin )
Ps =1-(P -Pmin )/(Pmax -Pmin )
ts =1-(t-tmin )/(tmax -tmin )
Calculate objective function:
S=wac Acs +wa As +wp Ps +wt ts
Retain xh % of the networks with highest score and xl %
with lowest score (parents networks) to produce the
next generation
Combining hyperparameters of the retained networks to
produce p(100 − xb % − xw %)/100 new networks
(children networks)
Mutate xm % of children networks
Create new population combining parents and children
networks

2) Simulation results: The experiments are performed for
MNIST [28] and Fashion-MNIST [29] databases. The hyperparameter optimization in the neural network architecture
was performed for n = [64, 128, 256, 512, 768, 1024], l =
[1, 2, 3, 4] and [Sigm, T anh, ReLU ] activation functions for
hidden and output layers. During the training, a categorical
cross-entropy loss function and Adamax optimizer [30] have
been used for 25 epoch for MNIST and 70 epoch for FashionMNIST databases. The algorithm parameters were set to
G = 10, p = 10, xb = 40%, xw = 10%, xm = 20%.
The hardware parameters are illustrated in Fig. 1 (d) based
on 180nm CMOS circuits and WOx memristive devices [31]
simulated with Knowm MSS (Multi-Stable Switch) memristor
model [32] with T = 80µs [33] and Amem = 0.0169µm2
[34].
The simulation results for optimization of different parameters and comparison of the optimized solutions for MNIST
and Fashion-MNIST databases are illustrated in Fig. 2. Fig.

G, p - number of generations, number of networks in a population; W - memristive weights (Wmin/max - minimum/maximum weight); i - number of iterations for non-ideal
networks accuracy calculation; Acs - average network accuracy Acs = avg(Aci ) calculated as quad an average of accuracy scores Aci of each iteration i; Ltotal - number
of stable weight levels; if wmin < 0, Ltotal = 2L, where L - number of stable conductance states in memristor; f ,a - percentage of memristor failure, percentage of
memristor aging; n, l - number of neurons, number of layers in the network; nin , nout - number of input and output neurons in the network; A, P , t - network area, maximum
power and processing time; As , Ps , ts - scores of area, power and time normalized between 0 and 1; S - total score of the objective function; wac/a/p/t - weights of
accuracy/area/power/time in total score calculation; PaH/aO - area and power of activation functions of hidden/output layer; Pta/re/si - area and power of Tanh/ ReLU/ Sigmoid;
Pon2/of f 2 - power per two 1T1R synapses (single weight) in ”on”/”off” state: Pon2/of f 2 = 2Pon/of f ; Asyn2 - area of two 1T1R synapses Asyn2 = 2(Amem + At ),
where Amem - memristor area, At - transistor area; Aop , Pop - area and power of opamp-based difference amplifier; Arl , Asw - area of load resistor / column switch; Aperif
- area of peripheral circuits Aperif = 2Arl + 2Asw + Aop ; T - time to ”read” the output of a single crossbar column; xh/l % - percentage of retained networks with the
highest/lowest score; xm % - percentage of mutated networks when creating next population; Pmax/min , Amax/min , tmax/min - maximum/minimum power/area/time of a
particular hyperparameter optimization setup, calculated applying min/max number of layers and neurons n = nmin/max and l = lmin/max to Eq. (1-2).

Fig. 2: Selection of the architecture for MNIST (a-b) and Fashion-MNIST (c-d) databases based on performance accuracy and
hardware parameters (a,c) with ideal memristive devices, and (b,d) considering memristor non-idealities.

2 (a,c) illustrates the performance of selected networks based
on ideal memristive devices for 5 different variations of the
objective function. For example, if the selection parameters are
”power and ideal accuracy”, the objective function of genetic
algorithm is set to S = 0.5Ps + 0.5Acs . The corresponding
simulation results (Fig. 2 (a), blue line) show that the selected
architecture has 1024 neurons in all hidden layers, 3 layers and
ReLU activation functions in both hidden and output layers,
and is optimal in maximum power consumption per READ
cycle (P = 38.18mW ) and ideal accuracy (≈ 95%), while the
parameters that are not considered, such as the on-chip area
(A = 10.99mm2 ), processing time (t = 84.32ms) and accuracy scores considering memristor non-idealities (≈ 30%) are
not optimized. Overall, Fig. 2 (a,c) show that the consideration
of memristor non-idealities is important in the optimization,
and the optimized ideal accuracy/area/power does not imply
the optimal performance of the architecture with memristor
non-idealities.
The selected architectures and the performance metrics of
the experiments considering memristor non-idealities, such
as L = 16, σ = 0.1, f = 2%, a = 10% and i = 20,
are shown in Fig. 2 (b,d). Overall, the selected architectures
show more optimal results for non-ideal cases, while on-chip
area and power are larger than in the ideal simulations, and
the algorithm tends to select the architectures with Sigm
activation and larger n (more neurons). The simulation results
considering ”all” parameters imply the optimization for 7
parameters (power/area/time + performance accuracy scores
for 4 types of non-idealities) considering S = 17 Ps + 17 As +
P4
1
1
j=1 Acsj . We considered the simplest example,
7 ts + 7

where all selection parameters have equal weights, while
these weights can be distributed unevenly based on the output
preferences.
The proposed approach can be applied for the selection
of the optimal architecture considering particular non-ideality,
e.g. selection of the architecture based on the limited number
of stable resistive states, and can illustrate how memristor nonidealities affect the selection of an optimal architecture. The
simulation results for Fashion-MNIST database, considering
quantization for L=[2,4,16,64], resistance variation σ=[0.05,
0.1, 0.15, 0.2] and memristor aging a=[5, 10, 20, 25]%,
are illustrated in Fig. 3 (a-c). The normalized octagon area
(between 0 and 1) illustrates how optimal is the architecture,
considering all performance metrics, where the architecture
with higher total score has larger octagon area. The results
for the quantization (Fig. 3 (a)) show that when the number
of stable resistive states is reduced (2,4 states), the selected
architectures (Fig. 3 (a), light blue and orange lines) have
larger octagon area (≈ 0.85) and has smaller number of
neurons (n = 256) and layers (l = 1). This shows that it
is impossible to improve the accuracy, when the number of
states is small (L = 2 or L = 4); and the accuracy with
quantization is 80% for L = 2 and 86% for L = 4. Therefore,
the algorithm does not tend to select the large n and l, as when
L = 64 or L = 16, where accuracy still can be increased to
≈ 90% by increasing n and l. While, the experiment with
resistance variation (Fig. 3 (b)) is opposite, and selected l and
n increase with the increase of σ. This allows to achieve the
accuracy of ≈ 85-86% for σ = 0.05-0.1 (Fig. 3 (b), cian
and purple lines) and ≈ 70-80% for σ = 0.15-0.2 (Fig. 3
(b), light blue and orange lines). The algorithm considering

Fig. 3: The selected architectures considering only (a) limited number of stable resistive states (quantization), (b) memristor
variation, and (c) memristor aging. In the experiments, only one parameter is varied, while the others are set to L = 16,
σ = 0.1, f = 2%, a = 10% when determining the performance scores.

Fig. 4: Average scores per generation of the selected architectures: (a) overall S, (b) performance accuracy, (c) on-chip
area, (d) power consumption. (e) Overall metrics of 3 best
selected architectures after 5 generations. (f) Configurations
and parameters of 3 best selected networks. (g) Selected
configurations when repeating the experiment for random
initialization.

the aging of the devices (Fig. 3 (c)) also tends to select
larger architecture when a increases, therefore, normalized
octagon area is smaller for higher aging percentage. The
selected architectures have the accuracy of ≈ 89% for a = 510% (Fig. 3 (c), cian and purple lines), and ≈ 84% for
a = 20-25% (Fig. 3 (c), light blue and orange lines). Overall,
the experiment showed that it is impossible to completely
avoid the reduction of the performance accuracy with nonidealities using considered hyperparameters; while the impact
of resistance variation and aging on the performance can be
reduced by increasing number of neurons and layers in the
architecture. The proposed approach can be applied to any
architecture to identify the optimal hyperparameters.
The overall performance of the genetic algorithm is illustrated in Fig. 4. The experiment is performed for MNIST
database for n = [32, 48, 64, 96, 128, ...1536, 2048] and l =

[1, 2, ...5] and the accuracy is obtained by considering all
non-idealities together with i = 25, G = 10, p = 20 and
S = 13 Ps + 13 As + 13 Acs . In this experiment, we consider the
maximum number of training epochs before the convergence
of accuracy score regardless of the training time. Fig. 4 (ad) illustrates how fast the genetic algorithm converges, where
the optimal configuration can be obtained after 5 generations.
Fig. 4 (e) shows the overall performance evaluation of 3 best
selected networks after 5 generations, where the power score
is ≈ 0.65 and the power is compromised to increase the
scores of on-chip area (≈ 0.97) and accuracy (≈ 0.95). Fig.
4 (f) illustrates the configuration of the selected networks and
corresponding performance metrics. Several different configurations of the best selected networks can be used to choose
the optimum architecture considering the other constraints.
For example, out of these 3 networks, the optimum one can
be selected based on the crossbar size (number of neurons)
preferred by the designer. Fig. 4 (g) illustrates the results of the
experiment repeated several times for different sets of random
population during initialization stage (when G = 1), showing
that the similar optimal architecture is selected regardless of
the initialization in the genetic algorithm.
III. C ONCLUSION
In this paper, we presented the feasibility and impact of
taking into account the hardware performance metrics as
objective function of genetic search for selecting optimised
neural network configuration suitable for a given problem.
The memristor crossbar circuits based neural networks are
considered as an example tested using MNIST and FashionMNIST dataset. The specific issues such as non-idealities of
memristive circuits are taken into account demonstrating the
improvements in robustness of selected designs with the proposed multi-objective optimisation approach. The results from
Figs. 2-4, indicates that considering hardware non-idealities
in optimisation provides better robustness and gives realistic
estimate on on-chip performance in area and power, without
significantly compromising on the classification accuracy. The
algorithmic notion presented in this work can be extended for
incorporating any hardware block libraries of neural networks
implemented in digital or analog CMOS domain.
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