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Abstract
Artificial neural networks (ANNs) are inspired by the biological nervous system. The high
performance of such ANNs is achieved through the dynamic change of the synaptic weights by
applying self-optimizing learning algorithms. Despite the simple operations for each single
element in an ANN, a network with a huge number of simulated elements consumes lots of
computing capacity using von Neumann computer architectures. To overcome this issue,
neuromorphic devices facilitate the design of hardware ANNs that emulate the synaptic
functions. Here we demonstrate the viability of such an approach using photonic waveguides in
combination with a photochromic diarylethene (DAE) molecule. By positioning and irradiating
DAE molecules on single waveguides, we modulate the intensity and thereby emulate the
plasticity of the synaptic weights. To run the photonic device as an ANN we firstly characterize
the modulation range and encode a learning procedure accordingly. As the proof of concept, we
operate a y-shaped waveguide performing basic AND/OR logic gate functions, with the
capability to switch between these two gate functions by using specific training sets.
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1. Introduction

Biological nervous systems are highly complex structures
primarily formed by neurons, which interconnect and com-
municate via synapses. While neurons mainly participate in
transducing, processing, and transmitting signals, synapses are
responsible for wiring of the neurons and therefore determ-
ine the network formed through their individual synaptic wir-
ing strength. The ability to enhance (potentiate) and inhibit
(depress) the signal transduction capability between neurons
(synaptic weight) is called synaptic plasticity. In such biolo-
gical neural networks, signals, which are mostly triggered by
external stimuli, propagate in parallel through the system and
in the entanglement of the synapses a communication pattern
of the interworking neurons is created. Inspired by these biolo-
gical processes, artificial neural networks (ANNs) have been
implemented to solve complex tasks, such as pattern recog-
nition or complex data processing, by emulating the func-
tions of neurons and synapses in software or complementary
metal–oxide–semiconductor (CMOS) based hardware net-
work simulations [1–3].

However, the simulation of complex tasks requires fast
computing capacities such that commonly used CMOS-based
hardware architectures face their physical limits [4, 5]. In
order to overcome these limitations, recent progress in neur-
omorphic engineering offers novel neuro-inspired electronic
devices that directly emulate the synaptic plasticity functions
and can therefore serve as building blocks for ANNs [6–9].
A well-established example are two-terminal resistive switch-
ing elements that mimic the synaptic transduction process by
a change in resistance due to a change in applied voltage bias.
Yet, ANNs composed of such electrical devices need a conver-
sion of the current to the voltage after passing every neuron in
the signaling process [10]. In contrast, photonic devices and
consequently networks can run the same operations without
conversion [11–14]. By employing the same physical quantity
such as light intensity for the input and the output, an unin-
terrupted cascade of the signal through the network is pos-
sible. Therefore, switchable materials such as phase-change
materials and photochromic molecules became the focus of
the research to enable intensity modulation of guided modes
[15–18].

Common ANNs are schematically built up with artificial
neurons, typically organized in layers [19], in which each
neuron is connected with all other neurons in the prior and next
layer as shown in figure 1(a). As first proposed by McCulloch
and Pitts [20], figure 1(b) displays the model of a single artifi-
cial neuron, which consists of the synaptic weights wi, a trans-
ition function and an activation function φ. Each input branch
represents a single synapse with its synaptic weight wi, while
the outgoing branch is the output. Thus, the incoming values
xi are multiplied by the associated synaptic weights wi. The
transition function sums up the multiplied values and transfers
it to the activation function φwith a threshold a, which gives 1
as the output when the transferred value exceeds the threshold
a, otherwise it gives 0 [21]. Mathematically, the output y of a
single artificial neuron can therefore be described as follows

Figure 1. (a) The schematic illustration of a multi-layered artificial
neural network (input layer (blue), hidden layer (red), output layer
(grey)). The nodes here presented as circles are the artificial neurons
and the connections between the neurons are the synapses. (b) Basic
structure of a single artificial neuron with n inputs.

y= φ

(∑
i

wixi

)
=

{
1, if

∑
wixi ⩾ a

0, else
. (1)

In this model of the artificial neuron, the synaptic weight is
the only free parameter affecting the output y. Hence, con-
trolling these synaptic weights with a learning algorithm such
as backpropagation enables the network to adapt to new situ-
ations and to solve new tasks [22–24]. Actually, the learning
process is the crucial part of the ANNs and is usually con-
ducted by training sets, which consists of certain inputs xi
and a target output t. By frequently feeding the network with
training sets, the synaptic weight values successively change
depending on the error between the actual and the target out-
put. The method of these gradual changes is called gradient
descent and adjusts the synaptic weights wi by minimizing the
error at the output [25]. Trained networks allow variations of
the reminded (trained) inputs on the same outcome. This is
the case, for example in software used for handwriting recog-
nition, where letters and numbers are interpreted correctly
and substituted with the appropriate corresponding ASCII
character.

In general, to design analogous hardware ANNs, the phys-
ical quantity of the devices must be able to process the
output as per equation (1). Such hardware networks can
be realized in electronics and in photonics. In the case of
electronics, the synaptic functions can be emulated by the
current flowing through the device, while in the case of
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Figure 2. (a) Fabrication steps of the y-branch device. (b) The chemical structures of the photochromic diarylethene (DAE) molecule in its
open (top) and closed (bottom) configuration with the associated energy gaps. (c) Refractive index n and the extinction k spectrum of the
DAE-film in open (black) and closed (red) configuration measured by ellipsometry.

photonics, the synaptic functions can be emulated by light
transmitted through a waveguide. Hardware ANNs capable of
learning have received the attention of much research focus
because of their promising ability to run these operations very
efficiently [26, 27]. However, limitations are quickly reached
when using resistive switching devices or transistor ANNs
implemented in a crossbar structure to perform ANN func-
tions. Though these devices are able to perform the ANN
operations according to equation (1), such implementations
are not suitable to directly implement analogous learning
processes.

Especially when using a resistively switching two-terminal
device, one cannot write and read the device state simul-
taneously, which makes a (short-term) storage of the out-
put error necessary to recall it later during the learning pro-
cess. In contrast to such electronic implementations, optical
devices allow a change to their optical properties while
being irradiated externally. Thus, using different wavelengths
allows to conduct write and read processes simultaneously
[18, 28, 29]. This enables a direct analogous adjusting of the
synaptic weights wi depending on the current output. Photo-
chromic and phase-change materials can change their dielec-
tric function upon irradiation. With switching responses down
to nanoseconds for both material classes, they are prom-
ising candidates for signal modulation to realize competit-
ive photonic networks [30–33]. Moreover, light propagation
in a waveguide is (almost) not affected by waveguide cross-
ings and therefore photonic structures provide a high design
freedom to implement ANN optical systems [34, 35]. Sev-
eral approaches with phase-change materials were reported in
recent years to realize photonic ANNs by using different oper-
ating wavelengths [36] and phase coding [37]. Finally, ANNs
using photonic implementations also benefit in terms of energy
consumption by less heat dissipation and high bandwidth due
to lower signal pulse dispersion.

In this contribution we utilize a y-branch waveguide as
shown in figure 2(a) to demonstrate the capability of a
photonic network to carry out the fundamental ANN pro-
cesses. In our previous work we investigated the use of a pho-
tochromic diarylethene (DAE) thin film to emulate long-term
synaptic plasticity using surface plasmon polariton switching

in a Kretschmann configuration [38]. In that work, surface
plasmon polaritons were excited on a thin gold film with a
DAE layer on top and were modulated by irradiating the DAE
layer with the appropriate wavelength. The modulation causes
an intensity change of the reflected light from the prism. A
cycle endurance at least up to 50 cycles and a state retention
at least up to one hour was sufficient for the lab scale invest-
igations presented herein. Note that all measurements were
performed in ambient atmosphere at room temperature, and
it is reasonable to expect that the cycle endurance and sta-
bility can be drastically improved upon encapsulation of the
entire optical chip. Here we expand the usage of the DAE
molecules for optical ANNs to waveguide systems, by depos-
iting a DAE film on a reverse symmetry waveguide (with a
higher refractive index of the upper cladding as compared
to the bottom cladding). With this structure the penetration
depth of an evanescent field, which is excited by the total
internal reflection of the guided light, increases up to sev-
eral micrometers into the upper cladding [39, 40]. The lar-
ger penetration depth enables the evanescent field to interact
with the molecules, which are not deposited in the direct vicin-
ity of the waveguide. This effect is also called frustrated total
internal reflection and causes absorption of the guided light
according to the energy gap of the DAE molecule [41]. We
exploit this absorption to modulate the light intensity in each
single arm of the y-branch waveguide by irradiating the DAE-
film to emulate the synaptic function. The resulting recom-
bination of the light intensities determines the logical out-
put value as per equation (1). In the proof of concept for the
full viability of the y-branch waveguide as a photochromic-
photonic ANN, we train the y-branch using supervised learn-
ing for AND/OR logic gates, by applying the gradient descent
delta rule (the special backpropagation case for one layered
ANNs).

2. Results and discussion

2.1. Device fabrication and measurement setup

The fabrication steps of the y-branch device are shown in
figure 2(a). Firstly, the photoresist SU-8 TF6005 (70 cSt
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viscosity, 1.083 mg ml−1, Kayaku Advanced Materials, Inc.)
was spin-coated on a clean 3 µm thick silicon dioxide sub-
strate (Siegert Wafer GmbH) at 3500 rpm with 500 rpm s−1

acceleration for 50 s to form the waveguide material. After
spin coating, the substrate was soft baked at 110 ◦C for 5 min.
For the structure patterning, a direct writing laser lithograph
(µPG 101, Heidelberg Instruments) with 375 nm wavelength
was used. Afterwards the substrate was post-exposure baked
at 110 ◦C for 2 min then put in the developer solvent (mr-600
dev, micro resist technology GmbH) for 3 min. Subsequently
the device was rinsed in isopropanol, then gently blown dry
with nitrogen and hard baked at 200 ◦C for 20 min. The thick-
ness (5 µm) of the waveguide was measured with a profilo-
meter (Dektak, Bruker Corp.) and the width (30 µm) with
optical microscopy. For the cladding, polydimethylsiloxane
(PDMS, Dowsil 184) was prepared with the curing agent (Syl-
gard 184) in a 10:1 ratio according to the recipe provided
by Dow Chemical. After treating the structured device in
oxygen plasma for 5 min, the PDMS was spin-coated with
4500 rpm for 40 s to obtain a ca. 6 µm thick layer. For the
deposition of the photochromic DAE-film, the molecules were
dissolved in ethanol with a concentration of 1 mg ml−1. A
2×2 mm gold area with 40 nm thickness was evaporated
on PDMS over each waveguide arms of the y-branch struc-
ture. Finally, 10 µl of the DAE solution was deposited via
drop casting on the two gold areas. The synthesis of the DAE
molecules has previously been described in [29]. Note that
due to the better wetting of the DAE solution on gold as com-
pared to PDMS, the DAE solution remains on the gold areas,
which hinders the diffusion of the DAE molecules into the
PDMS.

As depicted in figure 2(b), when irradiated with light of
the appropriate wavelength, the DAE molecules undergo a
photochemical isomerization in which the molecule changes
between a fully conjugated (closed) and a disconnected, cross-
conjugated (open) structure. This valence-bond tautomeriza-
tion substantially alters the energy gap between the highest
occupiedmolecular orbital and the lowest unoccupiedmolecu-
lar orbital of the DAE and thereby affects the absorption and
hence the refractive index of the DAE-film. Figure 2(c) shows
the refractive index n and the extinction coefficient k of a
DAE film in which the molecules are in their open (black)
and closed (orange) configurations. Both display a significant
reversible modulation in the region where the absorption band
of the molecule appears from 500 nm to 600 nm upon optical
cycling.

For the characterization of the y-branch optical device, light
from a tungsten halogen lamp (DH-2000, Ocean Optics, Inc.)
was guided to a 100× objective (Olympus) through a fiber.
The objective was mounted on an xyz-stage for motion con-
trol. By focusing the light on the entrance of both waveguide
arms, which we define as port 1 and port 2, the light couples to
waveguide modes and propagates through the structure to the
output, as shown in figure 3(a). In this configuration, the DAE
film on thewaveguide allows tomodulate the propagating light
in the waveguide through the interaction with the evanescent
field. At the end of the waveguide the light gets collected by
a 20× objective which is connected with a charge-coupled

Figure 3. (a) Schematic of the device measurement setup. The
objective for light coupling at the inputs can be moved sideways to
address the single port. The DAE molecules of both ports were
irradiated individually with 300 nm and 590 nm to perform
depression and potentiation respectively. (b) The schematic
illustration of the working principle of the fabricated y-branch
waveguide with two ports. (c) Spectrum of the transmission ratio
between port 1 and port 2.

device detector through a fiber. The modulation of the trans-
mitted light for each port is now accomplished by irradiating
the DAE molecules using 300 nm and 590 nm LED lamps
(Thorlabs Inc.) with an irradiance in the 1 µW mm−2 regime.
The irradiation time was controlled by a digital multimeter
(Keithley 2461). Figure 3(b) displays the working principle
of the fabricated y-branch including the position of the DAE
films, the ports and the output. The input values (x1 and x2)
as the light intensities are modulated by the DAE-films. Since
the modulation changes the transmission ratio of the propagat-
ing light, the outgoing intensity of each port can be described
as the multiplication of the initial intensity with the synaptic
weight. The output of the device is the sum of the outgoing
intensities in the single ports at the branch. For the deploy-
ment of the y-branch as a logic gate, the two ports need an
equal influence on the total output intensity. For this pur-
pose, we recorded the transmission of each port individually
by coupling light first into port 1 then into port 2 and com-
pared their intensities. Figure 3(c) shows the intensity ratio of
the two ports near 1 in the visible wavelength range. These
transmission spectra in the pristine state of the device were
used as references for the following measurements to estimate
the DAE absorption and thus the synaptic weights.

2.2. Characterization of the y-branch waveguide

In the first step we determine and quantify the modulation
range for the waveguide transmission upon switching the
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Figure 4. (a), (b) Relative transmission spectra of both ports as a function of the irradiation time on DAE films for 300 nm and 590 nm.
(c), (d) Plots of the synaptic weight values for both ports as a function of the number of irradiation steps at the operation wavelength 625 nm.

DAE-films for each port. We therefore irradiated the DAE
films on the waveguides with 300 nm and 590 nm light to
switch the molecules to the closed and to the open configura-
tion, respectively. In our previous work [38] we found out that
the DAE film switches with least fatigue when the UV irradi-
ation time stays below 20 s. Based on this we set the maximum
total UV irradiation time to 12 s. All spectra in this section are
normalized by using the transmission spectra of the pristine
device state as references.

The left graph in figure 4(a) shows the transmission spec-
tra of port 1 for stepwise irradiation with 300 nm light for
2 s. In the spectra we observe a broad absorption peak at
625 nm (black dashed line), which continuously increases.
This absorption is caused by the refractive index change from
the open to closed configuration of the DAE-film, as shown in
the extinction coefficient k of figure 2(c). For a total irradiation
time of 12 s, we achieve a transmission reduction at 625 nm by
23%. To switch back to the starting point, the DAE-film was
irradiated with visible light (590 nm) in 2 min steps for a total
of 14min as depicted in the right graph of figure 4(a). By chan-
ging the molecules from the closed to the open configuration,
the transmission in the waveguide can be reversibly switched
back to the starting point. The same experimental steps were
conducted to characterize the reversible switching of the trans-
mitted light collected at port 2. In figure 4(b) we show that
upon closing the DAE molecules one can reduce the trans-
mitted light by 23% and switch back to the starting point by
stepwise irradiation with visible light, which shows that both

waveguide branches are fully symmetric with respect to their
switching behavior. Both ports show the maximum modula-
tion of the transmitted light at 625 nm. For all further dis-
cussions and considerations, we now assign the value of the
transmitted light at 625 nm to the synaptic weight wi of each
individual port.

With this assignment, figures 4(c) and (d) show the evol-
ution of the synaptic weight w1 (w2) versus the individual
DAE irradiation steps with 300 nm (left) and with 590 nm
light (right). Here the left graphs in figures 4(c) and (d) show
a decrease or depression of the synaptic weights w1 and w2,
while on the right-hand side we show the according poten-
tiation characteristics. According to the achieved synaptic
weight modulation range, we define the mean value 0.88 as
the threshold a (grey dashed lines). Consequently, if the out-
put value y exceeds this threshold value a the output is inter-
preted as the logical 1, otherwise 0 as stated in equation (1).
Applying the gradient descent delta rule [22], the target value
t, learning rate ε and irradiation time b need to be matched for
a successful training to adapt such 2×1 (2 inputs × 1 output)
ANN functions.With the delta rule the synaptic weight change
is defined as follows

∆wi = ε·δ·xi
with δ = (t−

∑
wixi). (2)

Without loss of generality, we set the learning rate ε at 0.5
and the target value t at 0.79 and 0.96 for the logical 0 and
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Figure 5. The flow diagram of the training algorithm depicts the
procedure described in the main text.

1 respectively. According to equation (2) the synaptic weight
change ∆wi is determined by δ, which is here defined as the
difference between the sum of the synapses (device ports)∑
wixi and the target value t. To assign the calculated weight

changes ∆wi in (2) to irradiation time b, we define

b=∆wi·d (3)

with d as a constant whose value depends on the negative or
positive sign of the weight change ∆wi from equation (2).
The constant d is chosen to be d=−20 for negative synaptic
weight change (∆wi ⩽ 0; depression), which triggers an DAE
irradiation on port i with 300 nm light according to the time
b. A positive weight change (∆wi ⩾ 0; potentiation) triggers
a DAE irradiation with 590 nm light of which the irradiation
time b is calculated with d= 1200. Additionally we give the
condition only to change the synaptic weights if the output y
differs from the desired value. The schema of the utilized train-
ing algorithm is shown in figure 5. The training was based on
a set of input and output patterns to teach the device a desired
function. According to the algorithm in figure 5 we feed the
device with training patterns one after another. The synaptic
weight is changed every time the output y differs from the
desired value according to the threshold value a= 0.88, learn-
ing rate ε= 0.5, the target values t and equations (2) and (3).
The whole learning process ends when all the patterns in the
training set show the right output y. In the next section we
demonstrate the capability of the optical y-branch to carry out
AND/OR logic gate functions by using specified training sets
in combinationwith the delta rule and the algorithm in figure 5.

2.3. Device training for AND/OR logic gate

As a proof of concept, we demonstrate the ability of the
y-branch to perform simple AND/OR logic gate functions.

Figure 6. (a) Plots of synaptic weight of port 1 (black) and port 2
(red) during the AND gate training after every training (I to III). The
grey dashed line indicates the threshold value at 0.88, while the
green marked areas indicates the training. (b) The state map displays
the training steps for ideal (blue) and measured (black) device states
with the corresponding training paths.

Depending on the conducted training, the y-branch adapts to
become either an AND or an OR gate, by applying the gradi-
ent descent delta rule with customized training sets. Starting
from a random device state, we firstly train the y-branch to
run AND logic gate operations by using the equations (2)
and (3) and the training algorithm in figure 5. The training
set for the AND logic gate is displayed in figure 6 with x1,
x2 as the inputs and with y as the associated desired out-
put. The training patterns are fed according to the numbered
order and are repeated until all patterns show the desired
output y.

Figure 6(a) shows the evolution of the synaptic weights
w1 (black line) and w2 (red line) during learning. Each train-
ing process, which is triggered by a training pattern, causes a
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Table 1. Training results of the AND-gate training.

Pattern no. State Desired output y? Error δ Irradiation

Weight changes

∆w1 ∆w2

p1 I→II No −0.12 1.2 s (uv) −0.07 −0.01
p2 II→III No −0.14 1.4 s (uv) −0.01 −0.09
p3 III Yes — — —
p4 III Yes — — —
p1 III Yes — — —
p2 III Yes — — —

synaptic weight change according to the equation (2). By start-
ing the learning process from an initial state I, the synaptic
weights show values which exceed the threshold a= 0.88,
with w1 = 0.91 and w2 = 0.94 as shown in figure 6(a). On the
state map in figure 6(b), the initial state I is therefore marked
in the OR gate region. Table 1 shows the error δ, the irradi-
ated time b and the synaptic weights (w1 and w2) for each
used training pattern during learning of the AND gate. By
feeding the device with the first training pattern (p1) accord-
ing to equation (1) we obtain the Boolean value 1 (w1x1 +
w2x2 = 0.91·1+ 0.94·0= 0.91⩾ 0.88⇒ y= 1) as the out-
put. Since it is not the desired output according to p1 (y= 0),
a weight correction is triggered. Therefore, we set the target
value t with 0.79 to calculate a negative error δ = (0.79−
0.91) =−0.12. A weight change of ∆w ′

1 = 0.5·−0.12·1=
−0.06 and ∆w ′

2 = 0.5·−0.12·0= 0 are calculated. Accord-
ing to equation (3), these values trigger an irradiation time b of
1.2 s (b=∆wi·d=−0.06·−20= 1.2) at 300 nm wavelength
on the waveguide port 1. The resulting state II (w1 = 0.84 and
w2 = 0.93) shows for the synaptic weight w1 a value below
the threshold a. In both ports, the actual changes to the syn-
aptic weight (∆w1 =−0.07; ∆w2 =−0.01) caused by the
300 nm light irradiation, deviate from the calculated changes
(∆w ′

1 =−0.06; ∆w ′
2 = 0). On the state map in figure 6(b),

the device state therefore moves out of the OR gate region
(black arrow) to the marked state II. Continuing the process,
the second training pattern p2 triggers a 1.4 s 300 nm light
irradiation on the waveguide port 2, which causes synaptic
weight changes of∆w1 =−0.01 and∆w2 =−0.09. With the
synaptic values w1 = 0.83 and w2 = 0.84, the final state III is
located in the AND gate region, as shown in figure 6(b). All
training patterns now show the right outputs for the AND gate
function, which leads to an end of the whole learning process.
By analyzing the path on the state map, the actual path (black)
and the calculated path (blue) coincide sufficiently, confirm-
ing the good prediction of the device states through equations
(2) and (3).

To obtain the OR gate, the same learning algorithms were
applied. By changing the training set, which is displayed in
figure 7, we conducted the synaptic weight changes by using
equations (2) and (3) again. Table 2 shows the error δ, the irra-
diated time b and the synaptic weights (w1 and w2) to each
used training pattern during the OR gate learning. Figure 7(a)
shows the synaptic weights w1 (black line) and w2 (red line)
after every training step. In contrast to the AND gate learning,
we notice positive changes of the weights (∆wi ⩾ 0), which

Figure 7. (a) Plots of synaptic weight of the port 1 (black) and the
port 2 (red) during the OR gate training after every training (I to
IV). The grey dashed line indicates the threshold value at 0.88,
while the green marked areas indicate training. (b) The state map
displays the training steps for ideal (blue) and measured (black)
device states with the corresponding training paths.

trigger visible irradiation of the DAEs. Also, the required
training steps (3 steps) are increased to achieve the desired
OR gate function. The state map in figure 7(b) shows a large
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Table 2. Training results of the OR-gate training.

Pattern no. State Desired output y? Error δ Irradiation

Weight changes

∆w1 ∆w2

p1 I→II No 0.13 78 s (vis) 0.03 0.015
p2 II→III No 0.11 63 s (vis) 0.01 0.025
p3 III Yes — — — —
p4 III Yes — — — —
p1 III→IV No 0.09 54 s (vis) 0.025 0.01
p2 IV Yes — — —
p3 IV Yes — — —
p4 IV Yes — — —
p1 IV Yes — — —

difference between the actual path (black) and the calculated
path (blue). The positive changes conducted by DAE irradi-
ation with 590 nm light are more gradual than the 300 nm
light irradiation. In order to obtain a better match between
the actual ∆wi and the calculated synaptic weight changes
∆w ′

i, the constant d in equation (3) can be adjusted to force
longer 590 nm light irradiation time b. An explanation for this
large deviation is the switching fatigue of the DAE molecules
reported in several publications [42–44]. Therefore, the per-
formance of the presented photochromic-photonic device cru-
cially depends on the utilized photochromic materials with
regard to retention and switching performance. By employ-
ing materials with larger alteration of their optical proper-
ties, a higher modulation range and thus a better signal-to-
noise ratio can be achieved by the proposed approach. Since
the experiments were performed in ambient atmosphere at
room temperature, an encapsulation is expected to be able to
improve the cycle endurance and reduce switching fatigue.
Nevertheless, we observe a successful OR-gate training, indic-
ating the robustness of the gradient descent delta rule on
physical neuromorphic devices. Especially the structure of
the fabricated optical device, in which the DAE film is loc-
ated over the waveguide, allows to read (guided transmit-
ted light) and to write (DAE irradiation) simultaneously.
By also using different wavelengths for the DAE irradiation
(300 nm; 590 nm) and for the waveguide operation (625 nm),
an additional separation betweenwriting and reading signals is
provided.

To carry out more complex logic functions such as XOR,
the optical device (which is the smallest ANN possible in
a 2×1 configuration) can be extended with more synaptic
input branches and more such elements in series. Thus, a
whole layer, as displayed in figure 1(a), can be designed
with waveguides in a crossbar structure and thereby expand
equation (1) to a matrix calculation. Even a cascaded link-
ing of these layers is possible in this optical approach. It
is preferred to rearrange the signal after each layer to facil-
itate the integration of an activation function and therefore
exploit the full potential of an optical ANN. To address single
elements of a possible large-scale photonic chip, different
approaches based on stereolithography can be exploited. Par-
ticularly the employment of so-called digital light processing

chips exhibits great spatial and temporal control, which is
essential for the performance of such large-scale photonic
ANNs. Furthermore, positioning a liquid crystal matrix panel
on top of photonic ANNs can be used to control the net-
work with appropriate backlights [45]. However, to achieve
competitive integration density of this optical device towards
large system integration, the photonic waveguide compon-
ents need to be exchanged with active plasmonic counter-
parts to bypass the diffraction limit by confining the propagat-
ing light in metallic nanostructures. Combining photochromic
molecules with surface plasmons would enable a high mod-
ulation range, due to their high sensitivity to the dielectric
environment. The feasibility of such approaches in the future
can be deduced from previous works studying photochromic
materials for plasmonic switching [38, 46, 47]. As for the
optical waveguides here, the propagating surface plasmons
show a modulation effect in the intensity by switching the
photochromic materials, which enables emulation of synaptic
functions.

3. Conclusion

In this work we have used a waveguide-based optical y-branch
to demonstrate the ANN capability by adapting logic gate
functions through learning. By utilizing the switching char-
acter of photochromic DAE molecules, we have trained the
waveguide device to perform AND/OR gate functions. The
utilized training sets were based on the so-called frustrated
total internal reflection, which causes an absorption of the
guided light according to the energy gap of the DAEmolecule.
By modulating the light intensity in the waveguide with DAE
film, we could therefore prove the viability of an optical neur-
omorphic device to be compliant to the common learning
algorithms such as the gradient descent delta rule. As a result
of this concept, we envision a possible utilization of an optical
ANN with photochromic molecules for analogue computing.
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[40] Horváth R, Niels S and Henrik B L 2005 Reverse Symmetry
Waveguide for Optical Biosensing Front. Chem. Sens.
(Berlin: Springer) 279–301

[41] Zhu S, Yu A W, Hawley D and Roy R 1986 Frustrated total
internal reflection: a demonstration and review Am. J. Phys.
54 601–7

[42] Mendive-Tapia D, Perrier A, Bearpark M J, Robb M A,
Lasorne B and Jacquemin D 2014 New insights into the
by-product fatigue mechanism of the photo-induced
ring-opening in diarylethenes Phys. Chem. Chem. Phys.
16 18463–71

[43] Herder M, Schmidt B M, Grubert L, Pätzel M, Schwarz J and
Hecht S 2015 Improving the fatigue resistance of
diarylethene switches J. Am. Chem. Soc. 137 2738–47

[44] Pariani G, Quintavalla M, Colella L, Oggioni L, Castagna R,
Ortica F, Bertarelli C and Bianco A 2017 New insight into
the fatigue resistance of photochromic 1,2-diarylethenes J.
Phys. Chem. C 121 23592–8

[45] Huang J, Qin Q and Wang J 2020 A review of
stereolithography: processes and systems Processes 8 1138

[46] Pala R A, Shimizu K T, Melosh N A and Brongersma M L
2008 A nonvolatile plasmonic switch employing
photochromic molecules Nano Lett. 8 1506–10

[47] Rudé M, Simpson R E, Quidant R, Pruneri V and Renger J
2015 Active control of surface plasmon waveguides with a
phase change material ACS Photonics 2 669–74

10

https://doi.org/10.1063/1.3364145
https://doi.org/10.1063/1.3364145
https://doi.org/10.3390/mi11030326
https://doi.org/10.3390/mi11030326
https://doi.org/10.1038/s41586-020-03070-1
https://doi.org/10.1038/s41586-020-03070-1
https://doi.org/10.1038/s41586-019-1157-8
https://doi.org/10.1038/s41586-019-1157-8
https://doi.org/10.1002/pssa.202000354
https://doi.org/10.1002/pssa.202000354
https://doi.org/10.5772/7145
https://doi.org/10.1007/3-540-27757-9
https://doi.org/10.1119/1.14514
https://doi.org/10.1119/1.14514
https://doi.org/10.1039/c4cp03001j
https://doi.org/10.1039/c4cp03001j
https://doi.org/10.1021/ja513027s
https://doi.org/10.1021/ja513027s
https://doi.org/10.1021/acs.jpcc.7b04848
https://doi.org/10.1021/acs.jpcc.7b04848
https://doi.org/10.3390/PR8091138
https://doi.org/10.3390/PR8091138
https://doi.org/10.1021/nl0808839
https://doi.org/10.1021/nl0808839
https://doi.org/10.1021/acsphotonics.5b00050
https://doi.org/10.1021/acsphotonics.5b00050

	Reversible training of waveguide-based AND/OR gates for optically driven artificial neural networks using photochromic molecules
	1. Introduction
	2. Results and discussion
	2.1. Device fabrication and measurement setup
	2.2. Characterization of the y-branch waveguide
	2.3. Device training for AND/OR logic gate

	3. Conclusion
	Acknowledgments
	References


