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Abstract—As traditional semiconductor-based computing is
approaching its physical limits, plasmonics emerge as a promising
alternative, offering the possibility of ultra-compact and high-
speed devices. However, plasmonic logic gates suffer from a
complex interplay of various parameters such as geometry,
material properties, and incident light characteristics. This paper
proposes a Genetic Algorithm (GA) termed Efficient Simulation
of Plasmonic Logic and Arithmetic Nano Device (ESPLANADE)
to optimize these parameters for designing highly efficient plas-
monic Arithmetic and Logical Unit (ALU). An efficient procedure
with the pyGDM toolkit is used to simulate the electromagnetic
interactions, reducing the simulation time. Thorough experiments
are conducted to rigorously analyze the performance of ES-
PLANADE in designing a 1-bit adder, showing its effectiveness
and efficiency.

Index Terms—Plasmonic, Logic Gates, Full Adder, Genetic
Algorithm, Green Dyadic Method.

I. INTRODUCTION

In the relentless quest for computational efficiency and
performance, exploring alternative computing paradigms has
become increasingly crucial as traditional electronic comput-
ing approaches its physical and practical limits, including size,
speed, and heat. Optical computing leverages the properties of
light for the development of high-speed and low-dissipation
computational devices. Plasmonics exploits the interaction of
light with free electrons in metal nanostructures and offers
new ways of manipulating and processing information at the
nanoscale. At the heart of plasmonic computing are all-optical
logic gates, which perform logical operations using light.
These gates are the foundational elements of the photonic
Arithmetic and Logic Unit (ALU), executing arithmetic and
logical functions essential for computational tasks [23]], [24].

Physicists study plasmonic logic gates as an alternative to
semiconducting transistors in computing. They are achieved
by linear interference mechanisms or non-linear optical effects
such as the Kerr effect and four-wave mixing [16]. The core
idea in designing plasmonic logic gates relies upon optimizing
constructive or destructive interference in two or more plas-
monic waveguides. While this approach demonstrates the fea-
sibility of plasmonic logic gates, a fully operational computing
paradigm using these technologies is yet to be demonstrated.

The output of plasmonic logic gates depends on a complex
interplay between several parameters, among which the device
geometry, the plasmonic properties of the chosen material, and

the incident light characteristics. One recent approach consists
in focusing laser beams onto specific input locations of a flat
gold structure having a double hexagonal (DH) shape shown
in Figure Upon light excitation, the structure generates
remotely another light signal that constitutes the device output
response. One laser beam feature (e.g., polarization) encodes
the Boolean input. A logic function is achieved by the device
if the relationship between the output signal and the input
configuration follows the truth table of the logic function.
However, given a desired logic gate, it is extremely complex
to determine all the parameters for which the logic function
is actually performed. For example, in the DH case, if one
considers a realistically limited parameter space, there are 20
possible inputs locations Figure [Ta), 36 possible polarization
values (from 0° to 360° by 10° steps) to encode one Boolean
input and 36 possible phase shift between the two inputs. One
can, therefore, estimate the number of possible configurations
for a fixed inputs position to 36x35x36, i.e., 45360 (See
Equation [6] in Section [[II-A). Therefore, it is important to
develop an efficient optimization mechanism to find the correct
combination of these parameters to get the optimum output.
In Figure such an optimum is shown for an AND gate.

Simulation is performed by the pyGDM python toolkit
that employs the Green Dyadic Method (GDM) to obtain
electro dynamical simulations of nanostructures [2], [13]]. This
pyGDM toolkit takes around two hours for one simulation.
Finding the best configuration in a brute-force setup will
take more than 2992 years for one device! (See Equation
[6] in Section [III-A). The primary purpose of this work is
to search for the optimal solution in the parameter space of
the device configurations. We are looking for automatically
determining the optimal locations of input lasers and their
associated polarizations and phases to encode all logic gates
in a given plasmonic device.

Genetic algorithms (GAs) stand as a powerful optimization
tool in computational intelligence, drawing inspiration from
the principles of natural selection and genetics. Their versatil-
ity and robustness make them applicable across various fields,
including engineering design, financial modeling, artificial
intelligence (AI), and bioinformatics. By efficiently navigating
complex and multidimensional search spaces, GAs can find
optimal solutions to problems that are otherwise intractable
using traditional optimization methods. The core strength of
GAs lies in their ability to adapt and evolve solutions over
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Fig. 1: A double hexagon (DH) device crafted from 2D crystalline gold, serving as logic gates encoder. Two laser beams,
each possessing distinct linear polarizations to encode Boolean inputs ”0” and 17, stimulate the device. Inputs i4 and ig are
subjected to two laser excitations, showcasing input polarizations of 50° encoding Boolean 0" and 300° encoding Boolean
”1”. DH device shows a non-zero output as g; only in the configuration 74 = i = 300°.

generations, making them particularly suited for optimizing
the position, dimension, and geometry of plasmonic structures
in the design of plasmonic logic gates.

This paper uses GA to find the optimal parameters allowing
the best encoding for a one-bit adder in the double hexagon
device.

The main contributions of the paper can be summarized as
follows:

1) We designed mathematical optimizations to simulate all
logic gates;

2) We implemented an updated version of pyGDM where
the electrodynamic simulation time is significantly re-
duced to approximately 3 ms by precomputing and
saving the Dyson equation (propagator matrix). This
approach allows us to trade computation time for fast
access to memory, avoiding redundant calculations when
the propagator i.e, the device shape, remains unchanged
across multiple simulations.

3) We proposed a novel generic framework to find the
optimal parameters for designing plasmonic logic gates
based on genetic algorithms. We optimize for a plas-
monic device, simultaneously the input positions of the

lasers, their polarization, and phases to encode all logic
gates. We term this algorithm ESPLANADE: Efficient
Simulation of Plasmonic Logic and Arithmetic NAn-
oDEvice.

4) An experimental validation of the proposed genetic
algorithm provided the best setup to encode a 1-bit adder
for different input devices, validating the methodology
across diverse geometries.

The rest of the paper is organized as follows: Related works
are summarized in Sec. [l Proposed methodology is elaborated
in Section Sec. [[V]describes experiment results. In the end,
Sec. [Vl is the conclusion.

II. RELATED WORK

This section summarizes the field of designing logic gates
using Al Initially, published work in designing logic gates
is summarized in Sec. then the Al-based logic gates
optimization models are reviewed in Sec. [[[-B

A. Design of Logic Gates

Logic gates using integrated circuits are fundamental build-
ing blocks of digital electronics, performing logical operations



on binary inputs to produce binary outputs within a single
semiconductor chip. However, heat dissipation is a severe
spoiler in these traditional integrated circuits [[25]], and physical
limitations impact the density of logic gates on chips [26].
An alternative approach to these electronic logic gates is the
optical logic gates, which employ lights instead of electric
current to perform logic operations. Optical logic gates have
a high speed and low power consumption and are built
using optical phenomena such as interference, diffraction, or
polarization [27]]-[29]. Furthermore, logic gates are difficult to
integrate into electronic systems, which limits their widespread
adoption. They are also not compact, and their manufacture is
often more complex and expensive than that of their electronic
counterparts [25]—[27]]. Finally, plasmonic logic gates combine
the benefits of electronic and optical logic gates by leveraging
surface plasmon polaritons—electromagnetic waves propagat-
ing along the conductor-dielectric interface—operating seam-
lessly at the nanoscale for highly compact designs [|30[]—[32].
Nevertheless, designing plasmonic logic gates is influenced by
an intricate interplay of multiple factors, including geometry,
material attributes, and the properties of incident light.

Several works try to design different plasmonic logic
gates [4], [14]], [15], [22], [33]-[37]. Al-Musawi et al. [4]]
proposed a four nanorings and three slots architecture through
a dielectric-metal-dielectric plasmonic waveguide to generate
logic gates. Yao et al. [36] proposed a quasi-rhombus-shaped
structure to manipulate dielectric-loaded waveguides to obtain
logic gates by employing destructive and constructive inter-
ferences. Amiri et al. [[37] proposed a plasmonic-based two-
dimensional triangular structure with six air holes drilled in a
regular design with copper-based material to obtain plasmonic
logic gates. They provided suitable quantification for values
of the diameter of air holes and lattice constant in plasmonic-
based triangular structures. Dolatabady and Granpayeh [22]]
proposed and investigated plasmonic logic gates using plas-
monic structures with nanodisk resonators by coupling the
output and input waveguides in the resonance frequencies of
the nanodisk. Swarnakar et al. [34] proposed half-subtractor
and half-adder circuits by employing the linear interference
principle in a metal-insulator-metal waveguide. Two Y-shaped
power combiners were used to design the structure. Nozhat
et al. [14] proposed all-optical NAND and XOR logic gates
based on a non-periodic array of gold disk-shaped nanopar-
ticles. They examined how the periodicity and spacing of
gold disk-shaped nanoparticles affect localized surface plas-
mon resonances. Destructive interference, achieved through
phase differences among input signals, enables NAND gate
creation, depending on polarization, particle geometry, and
permittivity. Constructive and destructive interferences result
from the difference in signal direction and path length. Huang
et al. [[12] proposed silicon photonic crystal waveguides and
phase-encoded light beams for multifunctional half subtractors
and half adders. Logic operations are decided based on output
light intensity, while the input digital state ‘1’ and digital state
‘0’ are represented using initial phases of incident light viz.
‘r’ and ‘0’ respectively.

These approaches heavily rely on serendipitous or limited
exploration of search space—all possible parameters for de-

signing plasmonic logic gates: phase, polarization, input laser
position—This work proposes a complete guided exploration
of all the search space parameters for plasmonic-based devices
with the help of Al models such as genetic algorithms.

B. Al Based Logic Gates Optimization

Numerous studies leveraged Al to design logic gates. Fer-
nandes et al. [8] used machine learning (ML) to design
all-optical logic gates from a Mach-Zehnder Interferometer
by tuning its phase shifts to output a desired logic gate.
Estimations of phase shifts are based on the maximization of
distance between corresponding outputs of logic level ‘0’ and
logic level ‘1’ using regression methods. Instead of exploring
the complete range of phase shifts, their approach considered
a smaller dataset and used ML to estimate the output of
remaining phase shifts. An artificial neural network (ANN) is
developed in [38]] to predict the propagation characteristics of
plasmonic nanostrip and coupled nanostrips transmission lines.
Parandin et al. [39] also used ANN to optimize the photonic
crystal structure parameters for AND gate only. Anagha et
al. [[10] presented a review covering logical gate designs using
Al and topological photonics. They categorized simultaneous
gates, reconfigurable gates, modulation-based gates, data rate-
based gates, and reversible gates. Finally, Dan et al. [15]
proposed to optimize the distributions of coding metamaterials
using NSGA-II (the nondominated sorting genetic algorithm)
to improve the logic gates performance.

These prior works have explored the use of Al to model
some of the parameters used for the design of logic gates,
such as the phase [8]], propagation characteristics [38] or the
coding metamaterials [15]. The closest approach to our work
is [15], which uses a genetic algorithm to enhance the logic
gates’ performance by optimizing the distributions of coding
metamaterials only. We propose in this work a multi-objective
genetic algorithm that seeks to optimize all the parameters of
any plasmonic device to efficiently encode all the logic gates.
We will show the effectiveness of our approach using a set of
plasmonic devices (see Sec. [[V).

III. PROPOSED METHODOLOGY

This section describes the proposed methodology of ES-
PLANADE in detail. Given a desired logic and/or arithmetic
function as a Boolean table of truth, ESPLANADE aims to find
the optimal parameters to implement it with the highest possi-
ble robustness and readout quality. In particular, ESPLANADE
explores and optimizes the planar shape of the device, the
optical input and output locations, the laser polarizations
encoding the Boolean inputs, and the temporal relationship
between the input signals (called time delay or phase shift).
It also computes a global figure of merit, called Boolean
contrast, that is used as a cost function to be maximized.
Figure [] illustrates the flowchart of the proposed approach
for a 2-input XOR logic gate. Our methodology relies on two
blocks. The first block (Block I) is devoted to the computation
of the electromagnetic response to elementary single-beam
excitation at each input location. In block II, we combine
these excitations to build up the response of a double-beam



excitation. A genetic algorithm (GA) is applied to this part to
determine optimal excitation conditions for achieving a given
gate functionality. Practically, in block I, step 1 actuates the
input to the model, i.e., the shape, material used, and the
lasers. Steps 2 to 4 show the use of the revisited version of the
PyGDM toolkit to simulate the electromagnetic response of the
nanostructure, taking benefit from the Green’s Dyad Method
that encodes the optical response of the system, independently
of the excitation conditions [42], as detailed in Sec.
Steps 5 to 8 depict the procedure of the genetic algorithm for
the optimization of a plasmonic device to encode the logic
gates. We further explain this algorithm in Sec
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A. Simulation using PyGDM

PyGDM utilizes Green’s Dyadic Method to simulate elec-
tromagnetic (EM) interactions within nanostructures [2]], [43]].
The electromagnetic response of a given nanostructure, at a
given angular frequency w is fully encoded into the Green’s
tensor G, associated with the structure (shape, material,
angular frequency) but does not depend on the excitation
conditions (incident field beam positions and polarizations).
This particular property is fully exploited in ESPLANADE to
strongly reduce the number of computational operations when
optimizing the logic and arithmetic nanodevices. We define in

step 1 the object shape and material. Then, the optical response
for a double beam excitation is obtained in a three-step process
as follows: 1)

1) Step 2. The Green’s dyadic G associated with the
plasmonic device corresponds to the propagation of
an electromagnetic signal from point r’ to a point r
and is computed by solving the self-consistent Dyson’s
equation

G(r, 1", w) = Go(r,1",w) + k3 [, &> Go(r, 7", w) - [er(w) — 1] G(r", 7', w)

(D
Here, Gq is the Green’s dyadic associated with the
substrate/air configuration (without the plasmonic nanos-
tructure), ko = w/c is the wavenumber and ¢, (w) refers
to the permittivity of the nanostructure at the considered
angular frequency. The integration is performed over
volume V of the plasmonic structure only. The Green’s
dyadic has to be computed for numerous position pairs
(r,r’) and is saved as a large 3D array of complex
numbers. This step is memory-consuming and time-
consuming.

2) Step 3: Once Green’s dyadic is known, we compute the
electric field E™(r,ps) at the observation points r s for
an incident field Eq focused at one of the input positions
N. We consider two orthogonal polarizations : 0° (Eq )
and 90° (Eg, 1 ). The electric field obeys the Lippmann
-Schwinger equation (we remove the w dependency for
the sake of clarity)

E"‘L(r(,bs) = Eg’” (Tobs) + k2 Iy Ar” tops, ") - [ — 1] E'&H(r”)
2

E (tobs) = E&L(robS) + ko fv Pr" G(rops, ") - e — 1] Eg#(r”)
3)

Where n € [0, N — 1] .

It is worth noticing that G has to be computed only

once (in Step 2) so that Step 3 is efficiently implemented

numerically.

3) Step 4. Finally, the excitation response of the two beams
is achieved. Consider two incident beams focused at
the input ports 1y and ny with polarisation §; and Jo,
respectively. We note A® the phase shift originating
from the time delay between the two incident beams.
Then, the two beams’ response obeys

Etot (robs) = En1 (robs) + Eng (robs)eiA(I> (4)

where the electric field at position ¢ = mnq,ny for
polarization angle 9; are expressed as a function of the
elementary responses Eq. (3)

E;(rops) = cosd; Eﬁ (Tobs) + sin d; Eﬂ_ (Tobs) (5)

In particular, we notice that the reconstruction of the two-beam
excitation configuration is directly expressed as a function of
the elementary parallel and orthogonal single beam excitations
at the input ports and the parameters to optimize (input ports,
beam polarisations, phase shift). This is very well adapted to
a GA optimization, as we will discuss in Section [[I[-B



pyGDM optimization of logic and arithmetic nanodevices
could result in huge computational costs. For the N input
ports, there are N(N — 1) available positions of the two laser
inputs. In addition, the phase shift and polarizations are in the
range of [0°, 360°[. For a step of 10°, there are 36 different
phase shifts and polarizations. So, for two lasers, there are
36 x 35 combinations of polarizations since each Boolean
input is associated with a given polarization. Thus, the total
number of combinations for two lasers, including a phase shift,
is 36 x 36 x 35 = 45360. Finally, the total time to try all the
combinations is

Cn(t) = 45360N (N — 1)t (6)

where t is the time taken by pyGDM for one simulation.
For one combination of phase and polarization, pyGDM takes
typically ¢ = 1.5 hour to simulate the EM response of a
plasmonic device of thickness 30 nm and size 2 x 2um? as
the double hexagone of figure 1. For N = 20 input ports (see
e.g. Figure [1)), we achieve Cy(t) = 17,236,800 x ¢ &~ 3000
years ! The computation of the Green’s dyadic (step 1) is the
most time-consuming and computationally expensive part of
the simulation, but it can be reused, see Equation @]—EI) We can
store the computed Green’s tensor G as it remains the same for
a given plasmonic device. This permits efficient computation
of a given configuration without reconsidering the whole
system, as generally done with electromagnetism solvers. For
the calculation of the electromagnetic field for a different
phase shift, polarizations and input locations, we compute the
near-field—the electromagnetic field in the immediate vicinity
of nanostructures using Equations

Consequentially, we need only to pre-compute the Green’s
dyadic (step 2) with equation [I] and use equations (3}{5) to
compute the full two beam electromagnetic response. For
example, in the case of the double hexagon structure, it
takes one hour and nine minutes (1.15 hours) for step 1 and
only 0.005s to realize one simulation using Equations (G}3).
The total time for all the combinations based on the new
implementation of pyGDM obeys

O™ (t) =1.15+45360 x N x (N = 1) xt (7

And Cé’g” = 1.15+45360 x 20 x 19 x 0.005/3600 = 25 hours
(about one day). While these two mathematical optimizations
(Equation 4 and Equation 5) are well known in the literature,
they were not used in the original pyGDM paper [2], and
by implementing them, we noticed a huge reduction in the
computation time compared to brute force Eq. (6). It reduced
the simulation time for the double hexagon from several
thousands of years to one day!

B. Parameters Optimization with Genetic Algorithm

In this section, we describe the process for finding the
optimal parameters that excite the plasmonic device. In the
flow chart (Figure [2), two different lasers are used as inputs to
the logic gate in location Iy and I, (I; # I2) with boolean data
encoded with two different polarizations 61 and 6> (61 # 65).
Phase of laser incident at location I; is «; and phase of
laser incident at location Iy is aw. Since the relative phase

Algorithm 1 ESPLANADE: Efficient Simulation of Plas-
monic Logic and Arithmetic NAnoDEvice

Input: Laser and a Plasmonic Device (e.g. Double Hexagon)
Output: Location, polarization, and phase of the lasers and
detected location of logic gates

I Simulation Setup
1. Location selection for laser incidence.
2. Pre-compute the Green’s Dyadic for the device
using: Equation [T
II Genetic Algorithm for optimization of locations,
polarization, and phase of two lasers.

4. Computation of E,,, E; using Equation 2 and 3
5. Using Equation[5|Construct a 3D matrix simulating
the plasmonic device
6. Formulation of inputs of two bits with two lasers
as follows:
i) Bits 00: polarizations are 61 and 6, respectively.
ii) Bits 01: polarizations are #;, and 6, respec-
tively.
iii) Bits 10: polarizations are 5, and #; respec-
tively.
iv) Bits 11: polarizations are 6o, and 6 respec-
tively.
7. Logic Gate Positioning Map
8. Mask/hide all areas except near edges.
9. Search maximum optical output in a 16X 16-pixel
location (away from inputs)

is obtained, in practice by time delaying one laser beam with
respect to the other one, we assigned a 0° phase to the first
beam (o; = 0), while the phase of the second laser is varied
in the range [0, 360[. As mentioned before, the incidence
of a laser on the plasmonic device at a particular location
outputs a 3D complex matrix using Eq. [T} So, the incidence
of two lasers at two different locations on the plasmonic
device is simulated by producing two 3D complex matrices
using Eq. for each laser separately. Keeping the lasers
in their I; and I locations, four excitation conditions can be
generated by changing the beam polarizations. Two lasers with
01 (respectively 65) polarization encode the 00 (respectively
11) configuration. One laser with 6; (respectively 63) while
the other is polarized with 5 (respectively ;) encode the
01 (respectively 10) bit configuration. The sum of these two
3-D complex number matrices of the two different lasers
produces the response to all Boolean excitation pairs viz. 00,
01,10, 11. The phase of these two lasers remains constant for
all polarization combinations. The result of adding two 3D
complex number matrices generated by these two lasers using
Eq. [ is also a 3D matrix of complex numbers. These 3D
complex number matrices are converted into 2D real numbers
by taking the modulus of each element of the matrix, followed
by the Frobenius norm (Step 5 of Figure [J). After that, each
element of this 2D real number matrix is raised to a power
of n = 3.5 to obtain the near-field intensity as defined by
the squared modulus of the local electric field [41]]. These



operations are shown in Figure 2] in steps 7 and 8. We also
summarize our approach in Algorithm

In Step 6, different logic gates are produced using these
2D real number matrices generated for each of the four pairs
of binary bits. 00, 01, 10, 11. For the XOR logic gate,
the objective function looks for the maximum intensity in
the matrix produced by taking the element-wise minimum
from the matrix of bits 01 and 10 and subtracting it from
the element-wise maximum of the bits 00 and 11 matri-
ces. Indeed, in this situation, there exists a field intensity
threshold that is exceeded by the response in configurations
01 and 10 but not in configurations 00 and 11. In such a
case, the response follows the Boolean behavior of an XOR
gate (which is ”1”/true if and only if one of the inputs is
”17/true). To detect an XOR gate in the plasmonic device,
we need to maximize the value of Oxpr in Equation B],
which ensures that the min_element(01,10) is higher than
the max_element(00,11). All 2-input 1 output logic gate can
be associated to similar objective functions as shown in [45]
and this general principle can be extended to any Boolean truth
table of arbitrary complexity.

Oxor = min_element(01,10) — max_element(00,11)

®)

Oanp = element(11) — max_element(00,01,10) (9)

Oor = min_element(01,10,11) — element(00)  (10)

Onor = element(00) — max_element(01,10,11) (11)

Onanp = min_element(00,01,10) — element(11) (12)

Oxnor = min_element(00,11) — maz_element(01, 10)
(13)
In step 7, each of the logic gate detection (Equations (I0) to
Equation. (T3)), the area near the boundary of the plasmonic
device is inspected to find the location of the highest optical
output. In step 8, The maximum optical output is searched near
the boundary over 16x16 pixels. Since one pixel is 14nm, a
16 x 16 pixel area corresponds to a 220x220 nm square, which
has a comparable area to the smallest circular zone that can be
optically resolved at the considered 810 nm wavelength (called
Abbe diffraction limit, 250nm diameter). This corresponds
to the minimal area over which the experimental setup will
integrate the device’s optical response.

TABLE I: Truth table for a 1-bit adder

Sum (XOR)
0

Inputl  Input2
0 0

Carry (AND)

= i=li=lk=]

0 1 1
1 0 1
1 1 0

The algorithm focuses on detecting AND and XOR gates
to identify the holistic realization of the 1-bit adder function,
the simple arithmetic calculation. Starting from Table [I, which
depicts the truth table of a one-bit full adder that uses two
bits as input and generates simultaneously a carry and a sum
as outputs corresponding to the AND gate and XOR gate,
respectively. One can notice that optimizing the function F
in Equation will result in encoding both the AND and
XOR gates, which is the same as designing a one-bit full
adder. Nevertheless, we can individually optimize any equation
from the Equations. (I0) to Equation. (I3) to detect the
corresponding logic gate. Meanwhile, encoding both the AND
and XOR gates is enough to detect all the logic gates.

F =min(Oanp,Ox0R) (14)

A genetic algorithm is proposed to reduce the simulation
time for a plasmonic device. It focuses on designing a one-
bit full adder, using F as its fitness function. This algorithm
follows a classical procedure: it starts with a population of
potential solutions encoded as chromosomes. Through suc-
cessive generations, individuals are selected based on their
fitness, undergo crossover to exchange genetic material, and
undergo mutation to introduce diversity. These operations
continue iteratively until termination criteria are met. This
genetic algorithm optimizes for two lasers the selection of
parameters, viz. polarization, phase, and location of incidence
from a large pool of choices, which otherwise, by brute
force, is computationally very expensive and can take several
thousand of years!

IV. EXPERIMENTS

In this section, we describe the experimental setup in detail,
including the PyGDM simulation and GA parameters. In
addition, we present an experimental simulation of a one-bit
adder. Experiments were performed using resources (CPU)
from DNUM CCUB (Centre de Calcul de I’Université de
Bourgogne.

A. Experimental Setup

The material of the optical structure used for excitation is
gold. It is well-known for its excellent chemical inertness and
its ability to sustain surface plasmons. This choice of metal
is also due to its unique localised surface plasmon resonance
characteristics, which can be detected in both the near-infrared
and visible regions [14]. These characteristics include strong
optical extinction, near-field enhancement, and far-field scat-
tering, which are essential for nanophotonic applications [40].

In our GA, the population size is kept at 500, and the
maximum number of generations is set at 50. The dimension
of the location variable for a laser incidence is kept equal to the
number of locations selected for its incidence at the plasmonic
device (20 for the double hexagon). Polarisation and phases
are selected in the range [0°, 360°[ and [0°, 360°], respectively,
with a step of 10 °. We study the optimal parameters of the
plasmonic device, i.e., DH, to encode all logic gates for a 1-bit
adder in Sect.



B. Parameters Optimisation

(a) The double hexagon shape

(b) The double hexagon mask

Fig. 3: The double hexagon shape and its associated mask

We first study the double hexagon shape as shown in
Figure [3al In Figure [3b] the boundary of this shape is
highlighted. This represents the mask used to direct lasers
only in this area, and the output is also observed within this
area. For all experiments, the mask comprises an area outside
the shape that lies within 14 nm (i.e., one simulation cell
size) of the boundary. The mask also includes an area inside
the shape up to 55 nm (i.e. the size of 4 simulation cells)
inside the boundary. Due to limitations in optical microscope
resolution, some constraints are added to physically replicate
the experiments to maintain at least 300nm distance between
different locations of laser incidence, as depicted in Fig. ]
The radius of the circles shown in the figure is 500nm. Also,
outputs are at least 500nm away from inputs and 300nm from
other outputs.

A double hexagon-shaped device, when excited with a laser
at location 6 as depicted in Fig. [5al outputs the pyGDM
simulation of the excitation as shown in Figure [5b] The
polarization of this laser is 280° with respect to horizontal.
The result of the excitation is visible in Figure [5b] near the
position 6.

Similarly, the simulation using two laser configurations
is depicted in Figures (6a]6b). Figure [6a] depicts the input
locations, i.e., lasers are incident at positions 6 and 16. The
electromagnetic simulation produced by pyGDM for a double
hexagon using four different combinations of these lasers is
presented in Figure [6b] These four combinations of lasers are

0.00

0

Fig. 4: Distance margin among laser locations and outputs
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(a) Laser input location at 6

(b) Simulation output

Fig. 5: pyGDM simulation with a laser (phase =0°, polarization
= 280°)

generated using two different polarizations of 280.0° and 50.0°
at two different locations, 6 and 16. The phase of these lasers
is also arbitrarily assigned as 0°.

Figure [6b] shows the simulation for both AND and XOR
gates. The objective function for these gates is computed
using Equations For the XOR gate, the location with a
maximum detection score (the sum of the optic output over a
16 x 16 pixel region) is obtained with a value of 4.12; the
region is marked with a square box in Figure [/| (left). For the
AND gate, the maximum score is 9.17, and the location of the
occurrence of this region is also marked by a rectangular box
in Figure[/| (right). A score higher than zero means that we can
simulate the logic gate. In Figure [/} we are able to simulate
AND and XOR simultaneously in two remote locations of the
cavity without any device cascade.

Moreover, Figure [] depicts another simulation of the DH
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(b) 4 bits simulation using two lasers

Fig. 6: pyGDM simulation with a two lasers (polarization =
50°, polarization = 280°)

g1 0.15]g2

Sum:9.17 «

0 0

Fig. 7: XOR and AND gate detection with lasers polarization
280° and 50° and phase of 0°. The detection score (Sum) is
the some of the optic output over a 16 x 16 pixel region. The
value shown in the circle is the near-field. It is 0.15 for the
the XOR gate and 0.24 for the AND gate.

5um:4.12’

when excited with the laser in the second input phase-shifted
compared to the first laser by 90°. The input polarizations are
100°(’0) and 230° (1”). For the XOR gate, the score is 1.01,
and for the AND gate, it is 14.38, as depicted in Figure E}
By changing these parameters (phase and polarization), we
noticed that the detection score increased for the AND gate
but decreased for the XOR gate. Although the phase is not used
to encode the binary input, it plays a crucial role in detecting
high-scoring logic gates.

The difference between Figure [7] and Figure [§] illustrates
that choosing different input locations or polarization encoding
results in significantly different optical responses that can
be further tuned with the phase shift to eventually result
in different scores for the targeted gates. To identify the
XOR gate and AND gates more precisely, it is necessary to
maximize the detection scores. The GA is used to simulate

14=100.0 112=100.0 1i4=100.0 112=230.0

14=230.0 112=230.0

i4=230.0 112=10040

-

Fig. 8: Two lasers are incident at locations 4 and 12 with
the phases 0° and 90° and the polarizations 100 and 230
respectively

gl 0.06 g2 - 0.52

Sum: 14. 38

0 0

Fig. 9: The detection score for XOR gate (left) and AND gate
(right) using non-zero phase

Sum:1.01

the maximum number of parameters to achieve this objective.
For the double hexagon-shaped plasmonic device, the GA
obtained optimized results by using locations 13 and 14 for
two lasers with phases a; = 0° and ap = 120°, respectively.
The polarizations for these lasers are 350° (”0”) and 120°
(’17”). The GA optimized the score for both the XOR and
AND gates by maximizing the function F in Equation It
obtained scores of 77.54 and 78.13 for XOR gate and AND
gate, respectively (as shown in Figure [TI0)

g0 1.30]g1 1.80
v -

sSum; 77.54 Sum; 78.13
0 0

Fig. 10: XOR gate (left) and AND gate (right)

From Figure [7] to Figure [I0} it can be seen that using only
GA, there is an improvement of at least 640% in the overall
score of the 1-bit adder (combined XOR and AND). However,
the double hexagon is not an optimized shape of the plasmonic
device. Our approach is independent of the double hexagon
and can be used with any plasmonic 2D cavity. We further
investigate this direction by generating 2D shapes that will
better encode the simple logic gates or global table of truth
and further maximize their detection scores. More plasmonic
devices are presented herein.



Finally, Figure [T T] shows the detection of all gates by simply
reconfiguring the same double hexagon cavity as demonstrated
in [44]. The algorithm first optimizes the concomitant detec-
tion of the AND and XOR gates and then looks for all the
other gates. We can see in Figure [I1] a detection score higher
than O for all gates. This experimentally proves that detecting
AND and XOR gates is enough to detect all logic gates.

g0 1.80|g1 n.wslga lolo1
-
A
sum:78.13 sum: 7.83 sum: 0.02
0 0 0
g4 . .0.04|gs 0.19]g6 1.30
~. -~
Sum:2.30 Sum:3.21 Sum: 77.54
- -
0 0 0

Fig. 11: ALL gates detection in the order: first row(AND, OR,
NOT), Second row(NAND, NOR, XOR)

Moreover, to demonstrate the robustness of the model we
further investigated different plasmonic shapes in order to
optimize logic gates detection scores. We select a set of
random points and link them to create a new shape. Figure
shows a bow tie form that was created as if two triangles were
merged. The Tie device shows a better score than the double
hexagon (used here as a baseline). The scores for AND (XOR)
are 94.63 (95.70) for the Tie shape and only 77.54 (78.13) for
the double hexagon. The detection scores for all logic gates
using the Tie device is shown in Figure[I3] They are in general
better than the ones using the double hexagon.

g0 1.62]g1 1.75

Sum: 94 . g3 Sum:95.70
0 0

Fig. 12: XOR gate (left) and AND gate (right) for the bow tie
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Fig. 13: ALL gates detection with bow tie shape in the order:
first row(AND, OR, NOT), Second row(NAND, NOR, XOR)

We studied several shapes, as shown in Figure [I4 All the
shown figures have a detection score higher than the double
hexagon for XOR and AND, and they are all able to encode
the different logic gates. Moreover, the Hyena shape gave the
highest scores for XOR and AND, showing its superiority with
respect to other shapes and particularly the double hexagon.

g0 1.47 g1 1.50
Sum:87.§§ Sum: 85.65 ~N
- 0 0
(a) The Book shape
g0 4,28 81 2.79
™ X
Sum: 140.08 Sum: 143 .47
0 0
(b) The Titanic shape
g0 3.22 g1 3.64
- - -
\
Sum: 150.35 Sum: 149.97
0 0
(c) The Hyena shape
go 2.24 121 2.27
”
Sum:112.01 Sum: 109.15
0 0

(d) The Mountain shape

Fig. 14: Examples of generated shapes with their XOR and
AND scores

Finally, Figure shows the detection scores for all logic
gates using the Hyena shape. The logic gates detection scores
with the Hyena shape is better than both the bow tie and double
hexagon shapes (and all the other shapes). This result suggests
that optimizing the results for XOR and AND gates not only
allows to detect all logic gates, but higher score for XOR and
AND indicates higher scores for all logic gates.

g0 3.64]g1 1.57|g3 0.35
)
Sum: 149.97 Sum: 45.67 Sum:6.34 ==
0 0 0]
g4 0.26 g5 D.55|g6 3.22
Sum:5.32 “ Sum:6.36 Sum: 150.35
-f 0 0 0

Fig. 15: ALL gates detection with hyena shape in the order:
first row(AND, OR, NOT), Second row(NAND, NOR, XOR)



We created a platform based on the proposed algorithm that
is available online [H This platform was used to produce all
the figures of this experimental section and can further be
used to reproduce our results, to simulate any logic gates and
to explore other complex truth tables using manual exploration
or automatic search with GA. More fun shapes that are not
presented in this paper can be explored using the platform
link.

V. CONCLUSION

When implementing the concept of holistic plasmonic arith-
metic and logic units, the geometry of the plasmonic structure,
the location of the lasers, and their phase difference and po-
larizations have a phenomenal impact on designing plasmonic
logic gates using constructive or destructive interference. Ar-
bitrary or intuition-based selection of these parameters may
produce sub-optimum results. To address this research gap,
this paper proposed a genetic algorithm termed ESPLANADE
that optimizes the polarization, phase difference, and location
of light incidence.

An efficient pyGDM implementation is proposed to reduce
the simulation time from several years to a few days. ES-
PLANADE uses a GA to simulate a large set of parameters
to enhance the detection score of the logic gates.

We experimentally benchmarked ESPLANADE to obtain a
1-bit full adder using two lasers on any device made up of
gold material, in line with our recent optical results [44], [45].
ESPLANADE optimized the polarization, phase difference,
and location of incidence of the two lasers. This resulted
in better detection of plasmonic logic gates by enhancing
the detection score by almost 640% over the trial-and-error
selection of these parameters.

The proposed approach was validated on the a set of shapes
by encoding XOR and AND logic gates to implement a
1-bit adder (available online). As part of future work, we
are working on an ontology-based approach for generating
efficient 2D shapes that will increase the logic gates detection
scores. ESPLANADE is of a generic form, and therefore, it
can easily be extended to simulate experiments using four
lasers for simultaneous excitation of the structure with 2+2
input ports encoding binary numbers up to 3 to realize a
2-bit Full Adder in a plasmonic cavity able to generate the
three required outputs (for a resulting sum value up to 6).
Also, ESPLANADE will be modified in the future by using
more advanced GA approaches, viz. Non-dominated Sorting
Genetic Algorithm -II (NSGA-II), NSGA-IIT or Generalized
Differential Evolution-3 etc.
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