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Abstract: An integrated physical diffractive optical neural network (DONN) is proposed based
on a standard silicon-on-insulator (SOI) substrate. This DONN has compact structure and
can realize the function of machine learning with whole-passive fully-optical manners. The
DONN structure is designed by the spatial domain electromagnetic propagation model, and the
approximate process of the neuron value mapping is optimized well to guarantee the consistence
between the pre-trained neuron value and the SOI integration implementation. This model can
better ensure the manufacturability and the scale of the on-chip neural network, which can be
used to guide the design and manufacturing of the real chip. The performance of our DONN is
numerically demonstrated on the prototypical machine learning task of prediction of coronary
heart disease from the UCI Heart Disease Dataset, and accuracy comparable to the state-of-the-art
is achieved.

© 2021 Optical Society of America under the terms of the OSA Open Access Publishing Agreement

1. Introduction

Deep learning is one of the fastest-growing areas in machine learning and has been extensively
used in various fields. In many applications, deep neural networks (DNNs) can play an important
role in addressing the issue of speech recognition [1], language translation [2], image classification
[3], and medical image analysis [4]. Beyond the above applications, DNNs are also widely
used to solve inverse design problems [5–11]. Of particular concern, DNNs have a wide range
of applications and excellent performance, however, it requires higher computing power with
the increase of the complexity of the target tasks. Therefore, it is of great significance to find
alternative calculation methods that are faster and lower energy consumption. Fortunately, in
recent years, the emergence of optical neural networks (ONNs) provides a way to solve the
dilemma of high energy consumption when facing complex tasks. Compared with the electrical
neural networks, the ONNs have the characteristics of low-power consumption, ultra-broad
bandwidth, ultra-high-speed, and capability of parallel processing signals [12–24]. Previous
studies have been reported, including diffractive deep neural networks (D2NN) created through
3D-printed for implement classification of images of handwritten digits and fashion products
based on free-space diffraction [13], task-specific accelerators based on free-space optics for
massively parallel and real-time information processing [25,26], integrated photonic platforms
using programmable waveguide interferometer meshes [12,15,22,23], artificial neural computing
using a nanophotonic neuron medium [18], and integrated spiking neural networks using phase-
change materials (PCM) [17]. However, obstacles to the development of ONNs still exist, one
of which is the passive low-loss miniature integration. As to the issue of miniature integration,
metasurfaces provide an exceptional solution [13,24,27,28], including one dimensional (1D)
metasurfaces [24] and two dimensional (2D) metasurfaces [13,27,28]. As to the 1D metasurfaces
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based on the SOI platform consisted of several metalines, each of the metaline consists of a series
of slots, however, there is mutual interference between adjacent slots. As to the 2D metasurface,
the misalignment of layered metasurfaces can have a devastating impact on the performance of
the system as errors accumulate during propagation.

In this work, we propose an optical deep learning framework in which the neural network is
physically composed of multiple layers of diffractive 1D metasurfaces, which optically perform
a function that the network can statistically learn. Notably, the following two problems are
considered during this research. One is the problem that the effective refractive index of the
identical slot at different positions is diverse for light inputs with different angles. The second
problem is the existence of mutual interference between adjacent slots of different lengths when
the light inputs at the same angle. To minimize the impact of the aforementioned two problems,
and make the phase delay produced by silicon slots more accurately approximate the value of
the pre-trained neurons, three silicon slots are used as a single neuron, and the spacing between
adjacent hidden layers (metalines) is set as 300 µm in this design. To demonstrate the capability
of our DONN, we benchmark its performance on the classification of heart patients from the
UCI heart disease dataset [29], which achieves an accuracy of 86.9% that is comparable to
the state-of-the-art [30–35]. For verification of the results, a 2.5D variational finite difference
time domain (FDTD) solver of Lumerical Mode Solution commercial software is utilized. The
matching score between the simulation results and the analysis results is more than 91.8%. Our
all-optical deep learning framework can promote the potential applications of photonic integrated
devices in many aspects, including speech recognition, data mining, and object classification, etc.

2. Modeling of diffractive optical neural networks

2.1. Optimization of neuron value mapping

In this study, neuron value mapping refers to using the phase delay generated by slots of different
sizes to represent the neuron value obtained by computer pre-training in the form of physical
structure. For DONNs, it is critical to use the physical structure to accurately approximate the
pre-trained neuron values. In the process of neuron value mapping, the effective refractive index
(ERI) is crucial since it is adopted in the pre-training model. With such a parameter, the length
of each slot required for the corresponding neuron value can be calculated according to Eq. (1):

Lslot−i =
∆φi

(neff − nslab) · k0
(1)

where Lslot−i is the length of the i-th slot, neff is the ERI of the slot through which light passes,
nslab is the ERI of the slab waveguide, k0 = 2π/λ is the wave number that light travels in the
slots, ∆φi is the phase delay generated by the i-th slot.

Assuming that a point light is located at the origin (0, 0, 0) of the coordinates as shown in
Fig. 1(a), the positive X-axis is the direction in which light propagates, the positive Y-axis is
where the metaline slots are arranged. While the incident light is x µm away from the metaline,
the phase delay generated by the incident light passing through the same slot from different
angles is diverse. Here, for convenience, the Lslot−i is set as 2 µm, and the neff can be obtained by
formula neff = ∆φi/(Lslot−i · k0)+ nslab which is a variation of the Eq. (1), as depicted in Fig. 1(a).
It is not difficult to find that the calculated neff is different when the incident light enters the slots
from diverse angles. In consequence, ensuring the incident light enters the slots at a smaller
angle is conducive to maintain a relatively stable ERI (neff = neff 0 = 2.166), and is of advantage
to the neuron value mapping. Increasing the distance between the input light and the metaline
can reduce the incident angle of the input light relative to each slot, thus reducing the difference
of the ERI calculated by the phase delay and making the approximation of the neuron value
mapping more accurate.
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Fig. 1. (a) After the input light propagating x µm to the metaline, the effective refractive
index is calculated by the phase delay generated when the light travels through the identical
slots at different angles. Of which the distance between the center of adjacent slots is 500 nm,
the width of the slots is 200 nm, and the length is 2 µm. (b) Calculation of effective refractive
index under a different number of identical slots in a slot group. The center distance of the
adjacent slots and the width of the slots are the same as (a), while the length of the metaline
slots is diverse. θi is the angle between the i-th incident ray and the horizontal line.

Additionally, because of the mutual interference between adjacent slots, even when the incident
light passes through the slots at the same angle (for example, plane waves), the phase delay
generated by the slots is different if the length of the slots is distinct, therefore the neff calculated
by the phase delay will also be different. In order to reduce the influence of mutual interference
between adjacent slots on the process of neuron value mapping, a slot group composed of multiple
identical slots is used to approximate a neuron value. The neff calculated by the phase delay
generated by the slot group with a different number of slots is shown in Fig. 1(b). It is easy to
find that when the number of orange-yellow slots increases, the ERI (the red triangle) calculated
by the phase delay generated by the slot groups tends to be a stable value (neff 0 = 2.166). This is
beneficial to the mapping process of neuron values.

In Fig. 1(b), the width of the slot in inset (I) is 200 nm, the period is 500 nm, and the length of
the slot is randomly generated. Among them, the length of the slot marked in orange-yellow
is 1.964 µm, and the ERI obtained by calculating the phase delay generated when the flat light
passes through the slot is 1.796, which is significantly different from the ERI (neff 0 = 2.166) used
in the pre-training model. Thus, a slot group composed of multiple identical slots is proposed as
shown in insets (II) and (III), the ERI obtained by calculating the phase delay generated when the
flat light passes through them is 2.119 and 2.169, respectively. When the slot group includes
three identical slots, the calculated ERI is 2.169, which is very close to 2.166. Moreover, in
Fig. 1(b), it is not difficult to see that when the number of slots in the slot group is more than
3, the calculated ERI (the red triangle) is close to 2.166 and tends to be stable. Therefore, the
process of neuron value mapping is facilitated by the use of a slot group consisting of multiple
identical slots.

As mentioned above, the more stable ERI can be obtained by increasing the distance between
the input light and the metaline. Here, the detailed simulation examples are shown in Fig. 2.

In Fig. 2(a) and (b), it is easy to find that the ERI of each slot calculated by FDTD is very close
to the neff 0, and it shows that the calculated ERI is insensitive to the propagation distance when
the incident light travels horizontally into the slots. In Fig. 2(c), when the distance between the
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Fig. 2. (a) The incident light source in (a) and (b) is a flat light, and the distance between the
light source and the metaline is 30 µm and 300 µm, respectively. The incident light source in
(c) and (d) is a point light, and the distance between the light source and the metaline is also
30 µm and 300 µm, respectively. Among them, the metaline consists of 100 identical slots,
numbered from 1 to 100. The red dots are the ERI values calculated by the phase delay ∆φi
generated by the light passing through the slot of the corresponding sequence number. neff 0
is the ERI in the pre-training model, the period of the slots is 0.5 µm, and θi is the angle
between the i-th incident ray and the horizontal line.

light source and the metaline is 30 µm, the incident light travels into the slots at different angles
ranging from 0 to 58.78°, causing the calculated ERI to be diverse. However, in Fig. 2(d), when
the distance between the light source and the metaline becomes 300 µm, the incident light travels
into the slots at angles ranging from 0 to 9.37°, the calculated ERI tends to be stable near neff 0.
This indicates that when the light travels into the slot at a small angle (here less than 9.5°), the
calculated ERI at the slot is closer to the ERI adopted in the pre-training model, and the neuron
value mapping process is optimal. Therefore, by increasing the distance between the incident
light and the metaline, the more stable the ERI when the light passes through the slot (that is, the
closer it is to the ERI in the pre-training model), and the more accurate the neuron value mapping
can be completed.

Furthermore, a concrete simulation example to illustrate the optimization result is shown in
Fig. 3. Suppose that there are three pre-trained neuron values equaling −π/4, −3π/4, −5π/4.
Those values can be achieved through using the phase delays generated by the slots. From
Fig. 8(a), when the width, height, and period of the selected slots are 0.2 µm, 0.22 µm, and
0.5 µm, respectively, the ERI of the slots neff = 2.166. Therefore, according to Eq. (1), the length
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of the slots to realize the three pre-trained neuron values is 0.287 µm, 0.862 µm, and 1.437 µm,
respectively.

Fig. 3. The simulation examples to illustrate the optimization process. In Fig. 3(a) and
(d), the distance from the point light source to Monitor ① and ③ is 32 µm and 302 µm,
respectively. In Fig. 3(b) and (e), the same metaline is designed at 30 µm and 300 µm away
from the point light source, respectively, and the monitors are located in the same position
as in (a) and (d). Figure 3(c) is the numerical analysis of the monitors in Fig. 3(a) and (b).
Figure 3(f) is the numerical analysis of the monitors in Fig. 3(d) and (e). Each slot group
from G1 to G9 consists of 10 identical slots.

In Fig. 3(c), the distance between the light source and the metaline is 30 µm, the blue line
“②-①” shows the subtraction results of the Monitor ① and ②, and the values differ greatly from
those of pre-trained neurons. In the contrast, when the distance between the incident light source
and the metaline becomes 300 µm in Fig. 3(f), the subtraction values of the Monitor ④ and ③ as
shown by the blue line “④-③” are highly consistent with the pre-trained neurons.

By reason of the foregoing, our optimization method is effective, that is, by increasing the
distance between the input light and the metaline and using a slot group composed of multiple
identical slots can obtain a more stable ERI which is closer to the ERI adopted in the pre-training
model and further make the approximation of the neuron value mapping more accurate.
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Without loss of generality, the research rule of the distance between the incident light and the
metaline is also applicable to the distance design between the adjacent hidden layers (metalines)
in the neural network system.

2.2. Spatial domain electromagnetic propagation model

The spatial domain electromagnetic propagation model (SDEPM) of our DONN is adopted based
on the Huygens-Fresnel principle. In this work, the thickness of the slab waveguide is only 220
nm, therefore the classical Huygens-Fresnel principle is essential to be modified according to the
restricted propagation conditions. The modified SDEPM is described as shown in Eq. (2):

wm
i =

1
jλ

·

(︄
x − xi

r2
i

)︄
· exp

(︃
2πrnslab

λ

)︃
· β exp(j∆ϕ) (2)

where m represents the m-th layer of the network, i represents the i-th neuron located at (xi, yi) of

layer m, λ is the working wavelength, j =
√
−1 is an imaginary unit, ri =

√︂
(x − xi)

2 + (y − yi)
2 is

the distance between a neuron at layer m and each neuron at layer m − 1, nslab is the ERI of the
slab waveguide, β and ∆ϕ are the correction factors for the classical Huygens-Fresnel principle
when light propagates a certain distance in a slab waveguide, where β is a specific coefficient
and ∆ϕ is a fixed phase delay. Figure 4 shows the amplitude and phase distribution of the input
signal waveform after 300 µm propagation in the slab waveguide (thickness is 220 nm, width is
105 µm) based on the modified SDEPM and FDTD, respectively. Apparently, Fig. 4(c) and (d)
indicate that the electric field evolution of the input signal (Fig. 4(a) and (b)) propagating 300 µm
later in the modified SDEPM is highly consistent with the simulation results of FDTD.

2.3. Forward and backward propagation

Following the SDEPM diffraction Eq. (2), one can consider every single neuron of a given DONN
layer as a secondary source of a wave, the amplitude and relative phase of this secondary wave
are determined by the product of the input wave to the neuron and its transmission coefficient (T).
Therefore, for the m-th layer of the network, one can describe the output function (nm

i ) of the i-th
neuron located at (xi, yi) as:

nm
i (xi, yi) = wm

i (xi, yi) · Tm
i (xi, yi) ·

∑︂
k
nm−1

k (xi, yi) (3)

where
∑︁
k

nm−1
k (xi, yi) is the input wave to the i-th neuron of layer m, Tm

i (xi, yi) is the transmission

coefficient of i-th neuron of layer m. Here Tm
i (xi, yi) can be described as:

Tm
i (xi, yi) = am

i (xi, yi) · exp(jφ(xi, yi)) (4)

where am
i (xi, yi) is the amplitude of the transmission coefficient, in this study, am

i is set as the
constant 1 because the optical loss of each neuron of layer m is negligible, φ(xi, yi) is the phase
factor of the corresponding neuron.

The forward propagation model can be obtained as shown in the Eq. (5):⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩
nm

i,p = wm
i,p · Tm

i · um
i

um
i =

∑︁
k nm−1

k,i

Tm
i = am

i · exp(jφm
i )

(5)

where i represents a neuron of the m-th layer, and p refers a neuron of the next layer, connected to
neuron i by optical diffraction. Excluding the input and output layers, assuming that the DONN
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Fig. 4. (a) and (b) are the field intensity and phase distribution of the input signal,
respectively. (c) and (d) are the field intensity and phase distribution of the input signal
propagating 300 µm later in a slab waveguide of the modified SDEPM (black line) and 2.5D
variational FDTD (red line), respectively.

consists of M layers, then the electric field of the p-th neuron in the output layer can be obtained
by Eq. (6) and the corresponding intensity of the resulting optical field can be measured by a
detector as Eq. (7):

uM+1
i =

∑︂
k
nM

k,i (6)

SM+1
i =

|︁|︁uM+1
i

|︁|︁2 (7)

Once the intensity of the resulting optical field is computed, the loss function in our optimization
can be defined as the normalized mean square error (NMSE) to measure the distance which can
be described as between the desired target intensity Tar

M+1
i and the realized test intensity SM+1

i of
the output areas. Here, we define the loss function (L) as:

L(φm
i ) =

1
N

∑︂
k

(︄
SM+1

k∑︁
k SM+1

k
− TarM+1

k

)︄2

(8)

where N refers to the number of measurement points at the output plane. Consequently, the
problem of the optimization for a DONN design can be summarized as minL(φm

i ), where the
range of φm

i is over 0 to 2π. Then, the back propagation algorithm is used to train the phase value
at each hidden layer in the DONN network. The gradient calculation formula of the loss function
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is shown as follows:
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where uM+1
k quantifies the gradient of the complex-valued optical field at the output layer with

respect to the phase values of the neuron in the previous layers, m ≤ M. In Eq. (9), ∂uM+1
k

∂ϕm
i

can be
calculated as follows:
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where, 3 ≤ L ≤ M − 1. So much for, the neuron parameters on each hidden layer can be trained
and obtained by the error backpropagation algorithm. Without loss of generality, the flow chart
of the forward propagation and error back propagation is depicted in Fig. 5.

Fig. 5. The attributes of the data set are mapped to the phase (0 to π) and then the mapped
phase is modulated to the original complex field to obtain a new input complex field. The
resulting complex field of slab waveguide propagated field is multiplied with a complex
modulator at each layer and is then transferred to the next layer. To help with the DONN
design, a normalized mean square errors function is used to measure the distance which
can be described as between the desired target intensity and the realized test intensity of the
output.

3. Architecture design of diffractive optical neural networks

A conventional artificial neural network consists of an input layer, hidden layer(s), and output
layer. The input and output layer generally includes one or more inputs or outputs, while each
hidden layer contains lots of neurons, as shown in Fig. 6(a). For ONNs, the difference is that
the hidden layers are composed of many units (or meta-atoms) of transmission or reflection,
the values of each neuron on different hidden layers are often set and updated by changing the
amplitude, phase, polarization, and other factors of the meta-atoms. The schematic of ONNs is
depicted in Fig. 6(b).

In this study, the DONN architecture consists of one or more layers of metalines, its physical
network is all-optical, and can be realized to solve complex tasks through the interference
of transmitted light. The physical structural parameters that implement the interference and
prediction mechanisms are designed in advance. Firstly, the parameters of the neural network
structure are trained on the computer and then these parameters are mapped to the physical
structure of the DONN. A schematic view of our proposed DONN design is presented in Fig. 7.
Here, a single neuron is formed by three identical slots, which is named meta-atom. The thickness
of the silicon (Si) substrate t1 is 3 µm, the silicon dioxide (SiO2) insulator layer t2 is 2 µm, and
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Fig. 6. (a) Schematic of a conventional artificial neural network. (b) Schematic of diffractive
optical neural network, each point on a given layer acting as a secondary source of a wave,
the amplitude and phase of which are determined by the product of the input wave and the
complex-valued transmission or reflection coefficient at that point.

Fig. 7. Schematic of the diffractive optical neural network. A DONN constitutes three
hidden layers (metalines), where each of the three slots on a given layer act as a neuron, with
a complex-valued transmission coefficient. The transmission coefficients of each layer can
be trained by using deep learning to perform a function between the input and output plane
of the network. After this learning phase, the DONN design is fixed; once manufactured
by electron beam lithography and other microelectronic processes, it performs the learned
function at the speed of light.
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the Si waveguide layer t3 is 220 nm. In addition, there is a 2 µm layer of SiO2 on the entire Si
waveguide layer, which is not shown in the schematic.

In Fig. 7, the lattice constant d of the metalines is fixed to be less than half of the wavelength,
which is chosen as 500 nm. Theoretically, specific phase delays can be achieved by the
corresponding slots with different lengths, widths, and heights, due to the ERI of the slot varies
depending on the size [24,36]. In this work, the operation wavelength is 1.55 µm, the effective
media theory (EMT) [36–38] and Lumerical FDTD are respectively utilized to approximate the
ERI of the periodic slot array, and the ERI changes under the different slot widths are shown in
Fig. 8(a). Next, by fixing the width of the slots to 200 nm, the free control of the propagation
phase is achieved within the range from 0 to 2π by changing the length of the slots from 0 to 2.3
µm. Furthermore, the transmission amplitude is higher than 94% obtained by the commercial
software package Lumerical FDTD under the corresponding length of the slot, as shown in
Fig. 8(b).

Fig. 8. (a) The effective refractive index of the different slot arrays under various slot width.
Black curve is the EMT calculation; Red curve is the Lumerical FDTD simulation. (b) The
simulated phase and amplitude changes versus different slot length of the slot arrays, fixing
the slot width to be 200 nm.

In this study, to demonstrate the capability of our DONN, five neuron network structures are
designed to verify the classification of coronary heart disease (CHD) from the UCI heart disease
dataset. Firstly, the input eigenvalues are modulated onto the phase of the input light, and then
the new dataset with phase information is utilized to train the parameter values of each neuron on
each hidden layer through the adaptive moment estimation (Adam) optimizer. Next, the values of
neuron parameters pre-trained are mapped onto silicon-based slots with different phase delays,
and to avoid the mutual interference of the adjacent slots as much as possible, three identical
silicon slots are used to approximate a single neuron value in this design. In addition, to make
the approximating process of the neuron value mapping more accurate, the distance between the
layers (input layer, hidden layers, and output layer) is also taken into account.

The optimized DONNs consist of 1 to 5 metaline layers, respectively, with each metaline (105
µm length) containing 70 neurons (consists of 210 slots). The distance between two successive
metalines is 300 µm. The input signal will be loaded onto the corresponding input waveguides
and propagated 160 µm through the Taper into the slab waveguide, then 300 µm through the slab
waveguide to reach the first hidden layer. After light exits the final metaline (the last hidden
layer), it also propagates 300 µm until it reaches the output layer of the network with two detector
regions (“D1” and “D2”) arranged in a linear configuration. A specific category is assigned to
each detector. The width of each detector is 8 µm, and the distance between the center of the two
neighboring detectors is 40 µm. For each category, the desired intensity distribution is defined at
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the output layer of the DONNs as a door function distribution (including forty points, twenty
successive “1” or “0” in a row).

4. Verification of the designed DONNs and discussion

4.1. Numerical calculation and simulation results

To numerically demonstrate the performance of our DONNs, the prototypical machine learning
task of prediction of CHD from the UCI heart disease dataset is utilized. The dataset consists of
303 sets of data, each of which contains 13 input attributes and 1 output attribute (“1” or “0”),
meanwhile, “1” represents “Patient”, and “0” represents “Normal” [29]. Here, the dataset is
divided into training set and test set according to the rule of 8:2, that is, the training set has 242
sets of data and the test set has 61 sets of data. Thirteen input eigenvalues will be loaded onto
the corresponding input narrow waveguides in the form of phases, and the predicted results are
two categories, including “Normal” and “Patient” (denoised as “0” and “1”, respectively). The
parameters in the whole system of DONNs are trained in advance. Once the design is finalized
and manufactured, the working process of the DONNs is fully optical.

Five DONNs are optimized, with each included one, two, three, four and five hidden layers,
respectively. Here, we denote the neural network system with m hidden layers as DONN-m
(m= 1,2,3,4,5). Figure 9 shows the loss values for the training set and the accuracy values for
the test set during the learning procedure. The phase profile of each hidden layer of DONN-1,
DONN-2 and DONN-3 are depicted as Fig. 10, respectively. Each hidden layer of the DONN
includes 70 phase elements ranging between 0 and 2π, here the linear phase profile for each layer
is reshaped to an image with 7 × 10 pixels.

Fig. 9. The loss curves on the training set (black line) and accuracy curves on the test
set (red line) for the optimized DONN-m during the learning procedure, while DONN-m
indicates that the diffractive optical neural network system contains m hidden layers.

Furthermore, as depicted in Fig. 11, it is easy to find that when the number of hidden layers
increases to more than 2, the accuracy of the test set no longer improves too much. Therefore, in
terms of classification accuracy and power consumption, based on the minimum requirements,
two or three hidden layers of the optimal design of the DONN may be feasible and sensible.

To illustrate the overall performance of our DONN design, 2.5D variational FDTD is used to
simulate and verify the performance of DONN-1, DONN-2 and DONN-3. Figure 12 shows the
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Fig. 10. The linear phase profile of each hidden layers is converted to a 7 × 10 pixelated
image. (a) is the phase profile of DONN-1 hidden layer after training. (b) and (c) are the
phase profiles of DONN-2 hidden layers after training. (d)∼(f) are the phase profiles of
DONN-3 hidden layers after training.

Fig. 11. The accuracy (test set) of the proposed DONN-m architecture on the UCI heart
disease dataset. DONN-m means that the DONN architecture contains m hidden layers, here
m= 1, 2, 3, 4, 5, respectively.
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light field propagation in a two-layer hidden layer before and after training. It can be seen that
before the training, light is directed to a random distribution. After training, light is focused on
the right classification area. Figure 13 shows the 2.5D variational FDTD simulation results of
the DONN-1, DONN-2 and DONN-3, respectively.

Fig. 12. Comparison of light propagation (a) before and (b) after training for the two-layer
hidden layer. The input signal corresponds to the predicted result of the “Patient” state,
which means that the detection light intensity of D1 should be greater than that of D2. (a)
Before training, the lengths of the slots are randomly initialized, and the transmitted light is
randomly distributed at the output plane. (b) After training, the transmitted light is directed
to D1, the power of D1 is greater than that of D2, which corresponds to the input signal, and
the prediction result is right.

The confusion matrices for the chosen 61 samples from the UCI heart disease dataset (test
set) of the DONN-1, DONN-2, and DONN-3 are depicted in Fig. 14. Comparison between the
prediction results based on the SDEPM and the simulation results based on the 2.5D variational
FDTD is shown in Table 1.

Table 1. Comparison of prediction results between SDEPM and 2.5D
variational FDTD

DONNs
Test dataset accuracy of

the SDEPM

Test dataset accuracy of
the 2.5D variational

FDTD Matching score

DONN-1 80.3% 78.7% 95.1%

DONN-2 85.2% 82% 93.4%

DONN-3 86.9% 83.6% 91.8%

4.2. Discussion

In the simulation, to avoid the mutual interference caused by adjacent slots, three identical slots
are utilized to approximate a pre-trained neuron value. However, the simulation results indicate
that the test dataset accuracy of the 2.5D variational FDTD is lower than that of the SDEPM,
obviously, the approximation of a single neuron value represented by three slots inevitably exists
irreversible errors. It is easy to find that as the number of hidden layers increases, the matching
score of the two results decreases, and the error caused by the approximation will be larger.
Additionally, according to the numerical calculation based on the SDEPM, with the increase in
the number of hidden layers, the test dataset accuracy increases very little, thus when designing
the neural network structure, various factors including test dataset accuracy, accumulation of
approximate errors, and power consumption, etc. should be taken into consideration.
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Fig. 13. The simulation results of the proposed DONN-1, DONN-2, and DONN-3. (a),
(c), and (e) are the predictions of “Patient” state, in other words, the power of D1 should be
greater than that of D2, the prediction results are right; (b), (d), and (f) are the predictions of
“Normal” state, the power of D1 should be less than that of D2, the prediction results are
right.

Once the optimized DONN is designed and manufactured based on an SOI substrate, it is fully
optical and can perform computations on the optical signals without additional energy input
(except for the energy required to input a signal). Therefore, the power consumption of the fixed
DONN is only determined by the optical source which supplies the input signal (input source,
Ein). For the loss of the DONN, it mainly includes the propagation loss and transmission loss
of the metalines. In our design, based on Lumerical Mode Solution simulations, the loss per
metaline (hidden layer) is about 0.2 dB.

For the latency of the DONN, it is defined as the overall time between the start of the loading
signal (input source, Ein) and the detection of the output signal (computing an inference result,
Eout). In a nutshell, the defined latency is the travel time for an optical input through all layers.
In our DONN, the latency can be calculated by the Eq. (11) [24]:

Latency = Dnw × c−1
1 +M × Dm × c−1

2 + (Dwf + (M − 1) × Dp + Df ) × c−1
3 (11)

where Dnw is the distance from the narrow waveguide to which the signal is loaded to the slab
waveguide; c1 =

c0
neff 1

is the speed of light in the silicon narrow waveguide (thickness is 220 nm,



Research Article Vol. 29, No. 20 / 27 Sep 2021 / Optics Express 31938

Fig. 14. (a) Confusion matrixes for the chosen 61 samples from the heart disease dataset
(test set) of the DONN-1 (NC), DONN-2 (NC) and DONN-3 (NC) generated based on
the results of SDEPM, meanwhile, “NC” means the numerical calculation; (b) Confusion
matrixes of the DONN-1 (FDTD), DONN-2 (FDTD) and DONN-3 (FDTD) generated based
on the results of 2.5D variational Lumerical Mode Solution simulations.

width is 450 nm), where c0 is the vacuum light speed, neff 1 is the effective index of refraction
of the narrow waveguide; M is the total number of the hidden layers; Dm is the maximum
propagation distance through each layer; c2 =

c0
neff 2

is the speed of light in the metalines, where
neff 2 is the effective index of the silicon slots; Dwf is the distance between the interface of the
narrow waveguide and the slab waveguide to the first hidden layer; Dp is the propagation distance
between the hidden layers; Df is the propagation distance between the last hidden layer and the
output layer; c3 =

c0
neff 3

is the speed of light in the slab waveguide (the silicon device layer), where
neff 3 is the effective index of the slab waveguide. As an example, for our designed DONN-3,
neff 1 = 2.33, neff 2 = 2.166, neff 3 = 2.84, the latency is approximately 12.65ps.

For the computational speed of the DONN, it is defined as the number of input vectors that
can be processed per unit time. Crucially, the speed of our DONN structure is limited by the
photodetectors. By assuming that the rate of the photodetector is 25GHz, the DONN with
N neurons per layer can perform N2 × L × 2.5 × 1010 MAC/sec. In our study, each hidden
layer contains 70 neurons (N = 70), as an example, for our designed DONN-3 (L = 2), the
computational rate is about 2.45 × 1014 MAC/sec. This is two orders of magnitude higher than
the performance of modern GPUs, which typically perform 1012 floating-point operations per
second [22].

In our design, the width of the DONNs is 105 µm, and the footprint of the DONN-m is about
105 µm × (160 + (m + 1) × 300 ) µm (m = 1, 2, 3, . . .). For the scale of trainable parameters,
we propose DONN with 1-3 metaline layers, each containing 210 slots. Since three slots are
regarded as one neuron whose value is trainable in order to suppress interference, there are
70 trainable parameters in each metaline layer. The proposed DONN-3, which includes three
metalines composed of 210 trainable neurons (630 slots), has a CHD classification accuracy of
86.9%. This accuracy is comparable to the state-of-the-art (80%∼89%) [30–35]. In this study,
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non-linear activation is not used, thus, it may further improve the performance of the system if
nonlinear activation function is used.

Finally, despite our DONNs architecture have many advantages, such as passive miniature
integration, without alignment between hidden layers, simple structure, and ease of massive
manufacturing capability, lower power consumption and light-speed processing, etc., the number
of parallel channels of input signals is limited, and the accumulation of approximate errors has a
greater impact on performance as the number of hidden layers increases. It is still necessary to
search for new basic physical structural units to conduct better approximation of the pre-trained
neuron values.

5. Conclusion

In summary, we put forward a whole-passive fully-optical DONN architecture based on SOI,
the pre-trained neuron values are mapped onto the different phase delays in terms of physical
structures, and the corresponding phase delays are produced by varying the size of the silicon
slots. Each neuron value is approximated by three identical slots, and the distance between two
adjacent hidden layers is 300 µm. The photonic integrated DONN architecture can perform
complicated functions at the speed of light with low power consumption due to its natural intrinsic
character. Additionally, the manufacturing process of the chip is compatible with the CMOS
process, which is convenient for large-scale and low-cost manufacturing. Furthermore, compared
with other ONNs, our presented DONN has the advantages of simple structure design, all-optical
passive operation, and massive scale neuron integration, etc. This deep learning framework may
facilitate other applications includes speech recognition, data mining, object classification, and
so on.
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