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(57) Abstract: A diffractive optical neural network includes one more layers that are resilient to misalignments, fabrication-related
errors, detector noise, and/or other sources of error. A diffractive optical neural network model is first trained with a computing device
to perform a statistical inference task such as image classification (e.g., object classification). The model is trained using images or
training optical signals along with random misalignments of the plurality of layers, fabrication-related errors, input plane or output plane
misalignments, and/or detector noise, followed by computing an optical output of the diffractive optical neural network model through
optical transmission and/or reflection resulting from the diffractive optical neural network and iteratively adjusting complex-valued
transmission and/or reflection coefficients for each layer until optimized transmission/reflection coefficients are obtained. Once the
model is optimized, the physical embodiment of the diffractive optical neural network is manufactured.
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MISALIGNMENT-RESILIENT DIFFRACTIVE OPTICAL NEURAL NETWORKS

Related Application

[0001]  This Application claims priority to U.S. Provisional Patent Application No.
63/029,268 filed on May 22, 2020, which is hereby incorporated by reference. Priority is claimed
pursuant to 35 U.S.C. § 119 and any other applicable statute.

Technical Field

[0002] The technical field generally relates to optical-based deep learning physical
architectures or platforms that can perform various complex functions and tasks that current
computer-based neural networks can implement. The optical deep learning physical architecture
or platform has applications in image analysis, feature detection, object classification, camera
designs, and other optical components that can learn to perform unique functions or tasks. In
particular, the technical field relates to such optical-based architectures and platforms that are
trained that significantly increases the robustness of diffractive networks against 3D
misalignments and fabrication tolerances in the physical implementation of a trained diffractive

network.

Background
[0003] Deep learning has been redefining the state-of-the-art for processing various signals
collected and digitized by different sensors, monitoring physical processes for e.g., biomedical
image analysis, speech recognition, holography, among many others. Furthermore, deep learning
and related optimization tools have been harnessed to find data-driven solutions for various
inverse problems arising in, e.g., microscopy, nanophotonic designs, and plasmonics. These
demonstrations and others have been motivating some of the recent advances in optical neural
networks and related optical computing techniques that aim to exploit the computational speed,
power-efficiency, scalability and parallelization capabilities of optics for machine intelligence
applications.
[0004]  Toward this broad goal, Diffractive Deep Neural Networks (D’NN) have been
introduced as a machine learning framework that unifies deep learning-based training of matter
with the physical models governing light propagation to enable all-optical inference through a set
of diffractive layers. An example of D?NN is found in International Patent Application
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Publication No. W0O2019200289A1. The training stage of a diffractive network is performed
using a computer, and relies on deep learning and error backpropagation methods to tailor the
light-matter interaction across a set of diffractive layers that collectively perform a given
machine learning task, e.g., object classification. Previous studies on D’NNs have demonstrated
the generalization capability of these multi-layer diffractive optical neural network designs to
new, unseen image data. For example, using a 5-layer diffractive network architecture, >98%
and >90% all-optical blind testing accuracies have been reported for the classification of the
images of handwritten digits (MNIST) and fashion products (Fashion-MNIST) that are encoded
in the amplitude and phase channels of the input plane, respectively. Successful experimental
demonstrations of these all-optical classification systems have been reported using 3D-printed
diffractive layers that conduct inference by modulating the incoming object wave at terahertz
(THz) wavelengths.

[0005] Despite the lack of nonlinear optical elements in these previous implementations,
diffractive optical neural networks have been shown to offer significant advantages in terms of
(1) inference accuracy, (2) diffraction efficiency and (3) signal contrast, when the number of
successive diffractive layers in the network design is increased. A similar depth advantage has
also demonstrated been demonstrated, where instead of a statistical inference task such as image
classification, the D2NN framework was utilized to solve an inverse design problem to achieve
e.g., spatially-controlled wavelength de-multiplexing of a broadband source. While these multi-
layer diffractive architectures offer significantly better performance for generalization and
application-specific design merits, they also pose practical challenges for the fabrication and

opto-mechanical assembly of these trained diffractive models.

Summary
[0006] In one embodiment, a diffractive optical neural network training method is disclosed
that substantially increases the robustness of diffractive optical neural networks against physical
misalignments and fabrication tolerances. The method models and introduces these undesired
system variations and layer-to-layer misalignments as continuous random variables during the
deep learning-based training of the diffractive model to significantly improve the error tolerance
margins of ultimately fabricated diffractive optical neural network made in accordance with the

diffractive model. This process of introducing random misalignments during the training phase
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is termed herein as “vaccination” of the diffractive optical neural network, and the resulting
designs are sometimes referred to as “vaccinated” D°’NNs (v-D?’NNs). To demonstrate the
efficacy of the training method, diffractive network models composed of five (5) diffractive
layers were trained for all-optical classification of handwritten digits, where, in the training
phase, independent and uniformly distributed displacement/misalignment vectors for x, y, and z
directions of each diffractive layer were used. The results indicate that the v-D*NN framework
and training method enables the design of diffractive optical neural networks (i.e., the physical
embodiment or manifestation of the trained v-D*NN) that can maintain their object recognition
performance against severe layer-to-layer misalignments, providing nearly flat blind inference
accuracies within the displacement/misalignment range adopted in the training.

[0007] To experimentally demonstrate the success of v-D?2NN method and devices produced
by these trained methods, the two 3D-printed diffractive networks were compared to each other,
each with five (5) diffractive layers that were designed for hand-written digit classification under
monochromatic THz illumination (A = ~0.75 mm): the first network model was designed without
the presence of any misalignments (non-vaccinated) and the second one was designed as a v-
D?NN. After the fabrication of each diffractive network, the 3™ diffractive layer was on purpose
misaligned to different 3D positions around its ideal location (lateral and axial misalignment).
The experimental results confirmed the numerical analysis to reveal that the v-D?NN design can
preserve its inference accuracy despite a wide range of physical misalignments, while the
standard D*NN design frequently failed to recognize the correct data class due to these
purposely-introduced misalignments.

[0008] The v-D’NN training method was also combined with differential diffractive optical
neural networks and the jointly-trained optical-electronic (hybrid) neural network systems were
investigated. Differential diffractive classification systems assign a pair of detectors (generating
one positive and one negative signal) for each data class to mitigate the strict non-negativity
constraint of optical intensity, and were demonstrated to offer superior inference accuracy
compared to standard diffractive designs. When trained against misalignments using the
presented v-D?NN framework, differential diffractive networks were shown to preserve their
performance advantages for all-optical classification. However, both differential and standard
diffractive networks fall short in matching the adaptation capabilities of an optical/electronic

hybrid diffractive network system that uses a modest, single-layer fully-connected architecture
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with only 110 learnable parameters in the electronic domain, following the diffractive optical
front-end (i.e., a hybrid system with an all-optical front-end and an electronic trained neural
network at the back-end’).

[0009] In addition to misalignment related errors, the presented vaccination methods can also
be adopted to mitigate other error sources in diffractive network models, e.g., detection noise,
fabrication imperfections or artifacts, provided that the approximate analytical models and the
probability distributions of these factors are utilized during the training stage. V-D*NNs will be
the gateway of diffractive optical neural networks and the related hybrid neural network schemes
may be used towards practical machine vision and sensing applications, by mitigating various
sources of error between the training forward models and the corresponding physical hardware
implementations.

[0010] In one embodiment, a method of forming a vaccinated diffractive optical neural
network is disclosed. The vaccinated diffractive optical neural network includes a one or more
of layers that are resilient to misalignments, fabrication-related errors, detector noise, and/or
other sources of error. The method includes training with a computing device a diffractive
optical neural network model to perform one or more specific optical functions for a transmissive
and/or reflective optical neural network having a plurality of optically transmissive and/or
optically reflective physical features located in different two dimensional locations in each of the
one or more layers, wherein the training comprises feeding an input plane of the diffractive
optical neural network model with training images or training optical signals along with random
misalignments of the one or more diffractive layers, fabrication-related errors, input plane or
output plane misalignments, and/or detector noise, followed by computing an optical output of
the diffractive optical neural network model through optical transmission and/or reflection
resulting from the optical neural network and iteratively adjusting complex-valued transmission
and/or reflection coefficients for each layer until optimized transmission/reflection coefficients
are obtained. A physical embodiment of the diffractive optical neural network is then
manufactured that includes one or more transmissive and/or reflective layers having physical
features that match the optimized transmission/reflection coefficients obtained by the trained
deep neural network in training the diffractive optical neural network model. The physical
embodiment is thus vaccinated against misalignments, fabrication-related errors, detector noise,

and/or other sources of error.
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[0011] In another embodiment, a vaccinated diffractive optical neural network is disclosed
that includes one or more layers that are resilient to misalignments, fabrication-related errors,
detector noise, and/or other sources of error. The vaccinated diffractive optical neural network
includes one or more optically transmissive layers arranged in an optical path, each of the one or
more optically transmissive layers comprising a plurality of physical features formed on or
within the one or more optically transmissive layers and having different complex-valued
transmission coefficients as a function of lateral coordinates across each layer, wherein the one
or more optically transmissive layers and the plurality of physical features thereon collectively
define a trained mapping function between an input optical image or input optical signal to the
one or more optically transmissive layers and an output optical image or output optical signal
created by optical diffraction through the one or more optically transmissive layers, the trained
mapping function being resilient to one or more of: misalignment of one or more of the optically
transmissive layers, misalignment of an input plane, misalignment of an output plane,
fabrication-related errors in the optically transmissive layers and/or in the diffractive network,
detector noise, and/or other sources of error. The network includes one or more optical detectors
configured to capture the output optical image or output optical signal resulting from the one or
more optically transmissive layers.

[0012] In another embodiment, a vaccinated diffractive optical neural network is disclosed
that includes one or more layers that are resilient to misalignments, fabrication-related errors,
detector noise, and/or other sources of error. The vaccinated diffractive optical neural network
includes one or more optically reflective layers arranged along an optical path, each of the one or
more optically reflective layers comprising a plurality of physical features formed on or within
the one or more optically reflective layers, wherein the one or more optically reflective layers
and the one or more physical features collectively define a trained mapping function between an
input optical image or input optical signal to the one or more optically reflective layers and an
output optical image or output optical signal from the one or more optically reflective layers, the
trained mapping function being resilient to one or more of: misalignment of one or more of the
optically transmissive layers, misalignment of an input plane, misalignment of an output plane,
fabrication-related errors in the optically transmissive layers and/or the diffractive network,

detector noise, and/or other sources of error. The network includes one or more optical detectors
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configured to capture the output optical image or output optical signal from the one or more
optically reflective layers.

[0013] In some embodiments, the vaccinated diffractive optical neural network incorporates
an electronic or digital trained neural network at the back-end to further improve the overall
operation/performance of the vaccinated diffractive optical neural network.

[0014] Note that in some embodiments, one or more layers of the diffractive network may

comprise reconfigurable features such as, for example, spatial light modulators.

Brief Description of the Drawings

[0015] FIG. 1A illustrates one embodiment of a system that uses a multi-layer diffractive
optical neural network. In this embodiment, the system is used to classify an object (or an image
of the object).

[0016] FIG. 1B illustrates another embodiment of a system that uses a multi-layer diffractive
optical neural network. In this embodiment, a front-end multi-layer diffractive optical neural
network is used in combination with a trained electronic neural network at the back-end which is
used to improve the classification results.

[0017] FIG. 1C illustrates another embodiment of a system that uses a multi-layer diffractive
optical neural network that uses a differential configuration. Each data class is represented by a
pair of detectors (or other groupings) at the output plane, where the normalized difference
between these detector pairs represents the class scores.

[0018] FIG. 1D illustrates circuitry that is used to perform a differential operation on groups
of detectors of the embodiment of FIG. 1C.

[0019] FIG. 1E illustrates another embodiment of a system that uses a multi-layer diffractive
optical neural network that uses a differential configuration. This embodiment is different from
that of FIG. 1C in that it is also used in conjunction with a trained electronic neural network at
the back-end.

[0020] FIG. 2 illustrates a single layer of the diffractive optical neural network showing a
plurality of physical features formed thereon that collectively define a pattern of physical
locations along the length and width of each layer that have varied complex-valued transmission

coefficients (or varied complex-valued transmission reflection coefficients). This may be
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accomplished by varying the thickness (7) of the substrate or material making up the layer at
different locations along the layer.

[0021] FIGS. 3A-3C illustrate different types of D*NN-based image classification systems.
FIG. 3A Standard D’NN framework trained for all-optical classification of handwritten digits.
Each detector at the output plane represents a data class. FIG. 3B Differential D*NN trained for
all-optical classification of handwritten digits. Each data class is represented by a pair of
detectors at the output plane, where the normalized difference between these detector pairs
represents the class scores. FIG. 3C Jointly-trained hybrid (optical-electronic) network system
trained for classification of handwritten digits. The optical signals collected at the output
detectors are used as inputs to the electronic neural network at the back-end, which is used to
output the final class scores.

[0022] FIGS. 3D and 3E illustrate images of the layers (i.e., the physical layers). FIG. 3D
illustrates the vaccinated layers while FIG. 3E illustrates the non-vaccinated layers.

[0023] FIGS. 4A-4F illustrate the sensitivity of the blind inference accuracies of different
types of D?’NN-based object classification systems against various levels of misalignments. FIG.
4A: Standard D’NN systems trained for all-optical handwritten digit classification with and
without vaccination were tested against various levels of axial misalignments, determined by
Azgest. FIG. 4B: Same as FIG. 4A, except for differential D*NN architectures. FIG. 4C: Same as
FIG. 4A and FIG. 4B, except for hybrid (D?NN-FC) systems comprised of a jointly-trained 5-
layer D®2NN optical front-end and a single-layer fully-connected neural network at the electronic
back-end, combined through ten (10) discrete opto-electronic detectors (see FIG. 3C). The
comparison of these blind testing results reveals that as the axial misalignment increases during
the training, Az, the inference accuracy of these machine vision systems decreases slightly but
at the same time they are able to maintain their performance over a wider range of misalignments
during the blind testing, Azest. FIG.4D: Standard D*NN systems trained for all-optical
handwritten digit recognition with and without vaccination were tested against various levels of
lateral misalignment levels, determined by Aewst. FIG. 4E: Same as FIG. 4D except for differential
D2NNs architectures. FIG. 4F: Same as FIG. 4E and FIG. 4F, except for hybrid object
recognition systems comprised of a jointly-trained 5-layer D’NN optical front-end and a single-
layer fully-connected neural network at the electronic back-end, combined through ten (10)

discrete opto-electronic detectors. The proposed vaccination-based training strategy improves the
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resilience of these diffractive networks to uncontrolled lateral and axial displacements of the
diffractive layers with a modest compromise of the inference performance depending on the
misalignment range used in the training phase.

[0024]  FIGS. 5A-5L illustrate a comparison of different types of D’NN-based object
classification systems trained with the same range of misalignments. FIG. SA: Comparison of
error-free designs, Az« = 0.0\, for standard (Standard D’NN), differential (Differential D2NN)
and hybrid (Hybrid D*NN) object classification systems against different levels of axial
misalignments, Az est. FIG. 5B: Comparison of standard (Standard D’NN), differential
(Differential D2NN) and hybrid (Hybrid D*NN) object classification systems against different
levels of axial misalignments when they are trained with Az« = 1.2A. FIGS. 5C, 5D, SE and FIG.
SF are same as FIG. 5B, except during the training of the diffractive models the axial
misalignment ranges are determined by Az, taken as 2.4%, 4.8, 9.6A and 19.22, respectively.
FIG. 5G Comparison of error-free designs, A« = 0.0X, for standard (Standard D?NN), differential
(Differential D2NN) and hybrid (Hybrid D?NN) object recognition systems against different
levels of lateral misalignments, Acwst. FIG. SH: Comparison of standard (Standard D’NN),
differential (Differential D2NN) and hybrid (Hybrid D’NN) object classification systems against
different levels of lateral misalignments when they are trained with Ax = 0.53&. FIGS. 51, 5J, SK
and 5L are same as FIG. SH, except the lateral misalignment ranges during the training are
determined by A, taken as 1.00A, 2.124, 4.24A and 8.48A, respectively.

[0025]  FIGS. 6A-6C illustrate a summary of the numerical results for vaccinated D*NNs.
FIG. 6A: the inference accuracy of the non-vaccinated (A= 0.0A) and the vaccinated (A >
0.0A) differential D’NN systems trained for all-optical handwritten digit recognition quantified
at different levels of testing misalignment ranges. The v-D?NN framework allows the all-optical
classification systems to preserve their inference performance over a large range of
misalignments. FIG. 6B: same as FIG. 6A, except for hybrid (D?NN-FC) systems comprised of a
jointly-trained 5-layer D’NN optical front-end and a single-layer fully-connected neural network
at the electronic back-end combined through ten (10) discrete opto-electronic detectors (see FIG.
3C). FIG. 6C: vaccination comparison of 3 diffractive network-based machine learning

architectures depicted in FIGS. 3A-3C; Ax= Agest.
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[0026] FIGS. 7A-7E illustrate the experimental testing of v-D?NN framework. FIG. 7A: A
diffractive optical neural network that is vaccinated against misalignments. This network is
vaccinated against both lateral, Ax=4.24A, and axial, Az,«=4.8A, misalignments. FIG. 7B shows
the location of the 3" diffractive layer was on purpose altered throughout the measurements.
Except the central location, the remaining 12 spots induce an inter-layer misalignment. FIG. 7C
shows the 3D printed error-free design shown in FIG. 3E. FIG. 7D shows the 3D printed
vaccinated design shown in FIG. 7A and FIG. 3D. FIG. 7E shows the schematic of the
experimental setup

[0027] FIGS. 8A and 8B illustrate the experimental classification results as a function of
misalignments. FIGS. 8A shows the experimentally measured class scores for handwritten digit
‘0’ selected from Set 1. FIG. 8B same as FIG. 8A, except the input object is now a handwritten
digit °5’ selected from Set 2. The solid dot within the coordinate system shown on the left-hand
side represents the physical misalignment for each case (see FIG. 7B). Incorrect inference results
are noted by the dashed rectangle. Refer to FIGS. 10A, 10B and 11A, 11B for more examples of
the experimental comparisons between these vaccinated and error-free diffractive designs.
[0028] FIGS. 9A and 9B: The comparison between the low-contrast and high-contrast
standard diffractive optical neural networks. FIG. 9A: The inference accuracy values of two
error-free standard optical neural network designs are compared. The low-contrast standard
diffractive optical neural network achieves slightly higher inference accuracy when the

alignment is perfect. The high-contrast diffractive optical neural network, on the other hand, is

slightly more robust against misalignments. FIG. 9B: Trained with the v-D’NN framework, low-
contrast models use their higher inference capacity to adapt to misalignments, consistently
achieving higher classification accuracies when they are tested under misalignment.

[0029] FIGS. 10A and 10B: Experimental image classification results as a function of
misalignments. FIG. 10A: The experimentally measured class scores for handwritten digit ‘0’
selected from Set 2. FIG. 10B: Same as FIG. 10A, except the input object is now a handwritten
digit 7’ selected from Set 2. The solid dot within the coordinate system shown on the left-hand
side represents the physical misalignment for each case (see FIG. 7B). Incorrect inference results
are noted by the dashed rectangle.

[0030] FIGS. 11A and 11B: Experimental image classification results as a function of

misalignments. FIG. 11A: The experimentally measured class scores for handwritten digit ‘2’
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selected from Set 1. FIG. 11B Same as FIG. 11A, except the input object is now a handwritten
digit ‘3’ selected from Set 2. The solid dot within the coordinate system shown on the left-hand
side represents the physical misalignment for each case (see FIG. 7B). Incorrect inference results
are noted by the dashed rectangle.

[0031] FIGS. 12A-12F: The blind inference accuracies achieved by standard, differential and
hybrid diffractive network systems for the classification of phase-encoded Fashion-MNIST
images. Same as the FIGS. 4A-4F, except, the image dataset is Fashion-MNIST. Unlike
amplitude encoded MNIST images at the input plane, the fashion products were assumed to
represent phase-only targets at the object/input plane with their phase values restricted between 0
and .

[0032] FIGS. 13A-13L: Direct comparison of blind inference accuracies achieved by
standard, differential and hybrid diffractive network systems for the classification of phase-
encoded fashion products. Same as the FIGS. SA-5L, except, the image dataset is Fashion-
MNIST. Unlike amplitude encoded MNIST images at the input plane, the fashion products were
assumed to represent phase-only targets at the object/input plane with their phase values
restricted between 0 and 7.

[0033] FIG. 14 illustrates a flowchart of the operations or processes according to one

embodiment to create and use a vaccinated diffractive optical neural network (v-D*NN).

Detailed Description of Illustrated Embodiments

[0034] FIGS. 1A-1E illustrate different embodiments of a system 2 that uses a vaccinated
diffractive optical neural network 10. The diffractive optical neural network 10 may be used, in
some embodiments, to performing one or more of a machine vision task, machine learning task,
and/or classification of one or more objects 4, and/or processing (separately or combinations
thereof) of at least one optical image, optical signal, or optical data (e.g., optically encoded data).
The diffractive optical neural network 10 is used with, in some embodiments, a light source 12
that is used to illuminate the object 4. The object 4 may be macro-sized (i.e., large such as those
visible without magnification) in some embodiments. In other embodiments, for example, for
microscopic applications, the object 4 may be very small (e.g., microscopic). The light source 12
may, in some embodiments, include a natural light source (e.g., sunlight). The light source 12

may also include an artificial light source such as a laser, light bulb, light emitting diode(s)
10



WO 2021/237170 PCT/US2021/033771

(LED), laser diode(s), and the like. In some instances, the light source 12 may be filtered prior to
illuminating the object 4. The light source 12 that illuminates the object 4 may include visible
light (e.g., light with a wavelength in the range of about 380 nm to about 740 nm) as well as light
outside the perception range of humans. For example, the wavelength operating range may
extend beyond the visible perception range of humans (e.g., from about 300 nm to about 1,000
nm). The light source 12 may also emit light within the ultra-violet, visible, infrared, terahertz,
millimeter, or radio portion of the electromagnetic spectrum.

[0035] Illumination of the object 4 by the light source 12 may transmit through the object 4,
reflect off the object 4, or combinations thereof. FIG. 1A illustrates a light source 12 reflecting
off an object 4. In some embodiments, the object 4 may emit its own light in which case the
light source 12 is not needed. The light from the object 4 then creates an input 14 to the
diffractive optical neural network 10. While FIGS. 1A-1E illustrates light from an object 4 that
forms the input 14 to the diffractive optical neural network 10, an optical signal containing data
may also be used as the input 14 in some alternative embodiments. The input 14 enters the
diffractive optical neural network 10. The diffractive optical neural networks 10 described
herein may be used for machine learning, classification, and/or processing (separately or
combinations thereof) of at least one optical image, optical signal, or optical data (e.g., optically
encoded data). As seen in FIG. 1A, an optical input 12 is input to the diffractive optical neural
network 10. The optical input 12 may include an optical image, optical signal, or optical data as
described herein. This may include, for example, images of one or more objects that are then
classified by the diffractive optical neural network 10. In some embodiments, the optical input
14 may include an image including one or more objects 4 therein. For example, an optical image
14 may be generated when a source of light 12 directs light onto an object 4 (or multiple objects
4) which reflects off (or is transmitted through) and is directed through the diffractive optical
neural network 10. Th object(s) 4 may also emit their own optical signal (e.g., emit fluorescence
light) that result in the input 14. The object(s) 4 may be macro-sized (i.e., large such as those
visible without magnification) in some embodiments. In other embodiments, for example, for
microscopic applications, the object(s) 4 may be very small (e.g., microscopic). Optical images
may also be captured by a front-end camera or optical device and projected through the

diffractive optical neural network 10 as the input 14.
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[0036] The diffractive optical neural network 10 contains one or more optically transmissive
and/or reflective layers 16 arranged in one or more optical paths. When multiple such layers 16
are included in the diffractive optical neural network 10 it is a multi-layer diffractive optical
neural network 10. In some embodiments, there are a plurality of layers 16 while in other
embodiments may only have a single such layer. The one or more layers 16 are formed as a
physical substrate or matrix of optically transmissive material (for transmission mode such as
illustrated in FIG. 1A) or optically reflective material (for reflective mode). Combinations of
optically transmissive and optically reflective layers 16 may also be used. FIG. 1A illustrates
layers 16 in transmission mode where light or optical radiation transmits and diffracts through
the layers 16. Exemplary materials that may be used for the layers 16 include polymers and
plastics (e.g., those used in additive manufacturing techniques such as 3D printing) as well as
semiconductor-based materials (e.g., silicon and oxides thereof, gallium arsenide and oxides
thereof), crystalline materials or amorphous materials such as glass and combinations of the
same. In some embodiments, one or more layers 16 of the diffractive optical neural network 10
may comprise reconfigurable features such as, for example, spatial light modulators. That is to
say the layers 16 of the optical may include reconfigurable regions within or on the layers 16
using, for instance, spatial light modulators.

[0037] Each layer 16 of the diffractive optical neural network 10 has a plurality of physical
features 20 (FIG. 2) formed on the surface of the layer 16 or within the layer 16 itself that
collectively define a pattern of physical locations along the length and width of each layer 16 that
have varied complex-valued transmission coefficients (or varied complex-valued transmission
reflection coefficients). The physical features 20 formed on or in the layers 16 thus create a
pattern of physical locations on or within the layers 16 that have different complex-valued
transmission coefficients as a function of lateral coordinates (e.g., length and width and in some
embodiments depth) across each layer 16. In some embodiments, each separate physical feature
20 may define a discrete physical location on the layer 16 while in other embodiments, multiple
physical features 20 may combine or collectively define a physical region with a particular
complex-valued transmission coefficient. These locations or regions on or in the layers 16 form
pixel or neuron-like regions that alter of affect the light that transmits/reflects therethrough or

therefrom.
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[0038] The one or more layers 16 that are arranged along the optical path collectively define a
trained mapping function between the input 14 (e.g., optical signal) to the one or more layers 16
and an output optical signal 30 is created by optical diffraction through the one or more layers 16
(or reflection from the layers 16). The pattern of physical locations formed by the physical
features 20 may define, in some embodiments, an array located across the surface of the layer 16.
Additional details regarding the layers 16 and physical features 20 that are formed thereon may
be found in International Patent Application Publication No. WO 2019/200289, which is
incorporated herein by reference.

[0039] Asseenin FIG. 2, the layer 16 in one embodiment is a two-dimensional generally
planer substrate or matrix material having a length (L), width (W), and thickness (t) that all may
vary depending on the particular application. In other embodiments, the layer 16 may be non-
planer such as, for example, curved. The physical features 20 and the physical regions formed
thereby act as artificial “neurons” that connect to other “neurons” of other layers 16 of the
diffractive optical neural network 10 through optical diffraction (or reflection) and alter the
phase and/or amplitude of the light wave. The particular number and density of the physical
features 20 and the artificial neurons that are formed thereby in each layer 16 may vary
depending on the type of application. In some embodiments, the total number of artificial
neurons may only need to be in the hundreds or thousands while in other embodiments, hundreds
of thousands or millions of neurons or more may be used.

[0040] In one embodiment, the different thicknesses (t) modulates the phase of the light
passing through the layer(s) 16. This type of physical feature may be used, for instance, in the
transmission mode embodiment. The different thicknesses of material in the layer 16 forms a
plurality of discrete “peaks” and “valleys” that control the complex-valued transmission
coefficient of the neurons formed in the layer 16. The different thicknesses of the layer 16 may
be formed using additive manufacturing techniques (e.g., 3D printing) or lithographic methods
utilized in semiconductor processing. This includes well-known wet and dry etching processes
that can form very small lithographic features on a substrate or matrix material. Lithographic
methods may be used to form very small and dense physical features on the layer 16 which may
be used with shorter wavelengths of the light.

[0041]  Alternatively, the complex-valued transmission function of a neuron can also be

engineered by using metamaterial or plasmonic structures. Combinations of all these techniques
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may also be used. In other embodiments, non-passive components may be incorporated in into
the layers 16 such as spatial light modulators (SLMs). SLMs are devices that imposes spatial
varying modulation of the phase, amplitude, or polarization of a light. SLMs may include
optically addressed SLMs and electrically addressed SLM. Electric SLMs include liquid crystal-
based technologies that are switched by using thin-film transistors (for transmission applications)
or silicon backplanes (for reflective applications). Another example of an electric SLM includes
magneto-optic devices that use pixelated crystals of aluminum garnet switched by an array of
magnetic coils using the magneto-optical effect. Additional electronic SLMs include devices
that use nanofabricated deformable or moveable mirrors that are electrostatically controlled to
selectively deflect light.

[0042] The light or optical radiation that forms the input optical signal 14 is directed through
the layers 16 of the diffractive optical neural network 10 along an optical path (or in other
embodiments along multiple optical paths). The layers 16 are held within a holder 18 (e.g.,
mount, housing, or the like) that maintain the various layers 16 in a fixed state whereby the
various layers are separated from one another. The actual number of layers 16 that collectively
defined the diffractive optical neural network 10 may vary but is typically one (1) or more and
less than ten (10), but may vary. In certain embodiments, there are a plurality of layers 16 that
are used (i.e., multiple layers 16) such as that disclosed herein in the experimental results. The
particular spacing of the layers 16 that make the vaccinated diffractive optical neural network 10
may be maintained using the holder 18. The holder 18 may contact one or more peripheral
surfaces of the layers 16. In some embodiments, the holder 18 may contain a number of slots
that provide the ability of the user to adjust the spacing between adjacent layers 16. A single
holder 18 can thus be used to hold different diffractive optical neural networks 10. In some
embodiments, the layers 16 may be permanently secured to the holder 18 while in other
embodiments, the substrate layers 16 may be removable from the holder 18. Even though the
substrate layers 16 may be securely held within the holder 18, misalignment of the layers 16 may
occur during fabrication or manufacturing as the substrate layers 16 are secured to or otherwise
held by the holder 18. Alternatively, misalignment may result from use of a system 2 that
includes the vaccinated diffractive optical neural network 10. For example, the diffractive
optical neural network 10 may be used in an environment that subjects the diffractive optical

neural network 10 to movement, vibrations, or other forces that can cause misalignment of the
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layers 16 within the holder 18. Advantageously, the performance of the vaccinated diffractive
optical neural network 10 can, however, still be maintained given the resilient nature of the
design and training of the vaccinated diffractive optical neural network 10.

[0043]  As explained herein, the design or physical embodiment of the diffracted optical
neural network 10 is vaccinated during the design phase by modeling the undesired layer-to-
layer misalignments in the layers 16. The layer-to-layer misalignments may include
misalignments in the lateral direction (e.g., X, y direction), misalignments in the axial direction
(e.g., z direction) as well as in-plane rotational misalignment of the layers 16. Misalignment
may also include misalignment of the input plane and/or output plane. The same vaccination
process may also be used to correct for fabrication-related errors or artifacts introduced as part of
the manufacturing process (e.g., 3D printing). This vaccination process models the light
transmission/reflection through/from the layers 16 as continuous random variables in the optical
forward model. This results in designs for physical diffractive optical neural networks 10 that
are trained to maintain their inference accuracy over a large range of misalignments. In one
embodiment, the physical embodiment of the diffractive optical neural network 10 has an
inference performance that substantially equals the inference performance of an equivalent
diffractive optical neural network 10 that does not have any misalignments, fabrication-related
errors, and/or other sources of error taken into account during training.

[0044]  The output optical signal 30 is captured by a detector 32 or set of detectors 32. The
detector 32 or set of detectors 32 is configured to sense the output optical signal(s) 30 from the
diffractive optical neural network 10. In one embodiment, the multiple separate detectors 32, for
example, a set of detectors 32, may be used to output optical signals 30. In one particular
embodiment, a single detector 32 or a sub-set of detectors 32 (e.g., a pair) are uniquely assigned
to a particular classification or task that is to be performed by the system 2. For example, FIG.
1A shows an array of sixteen (16) detectors 32. Each of these individual detectors 32 may
correspond to a particular classification or task (e.g., detectors 32a, 32b, 32¢, 32d). For example,
one of these detectors 32a may correspond to “Class 17 which is used to classify the object 4. Of
course, multiple sub-groupings of detectors 32 may be assigned to a particular classification or
task to be performed by the diffractive optical neural network 10.

[0045] The detector 32 may include CCD detectors, photomultiplier tube (PMT), photodiodes

(e.g., photodiode such as avalanche photodiode detector (APD)), photodetectors, photomultiplier
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(PMT) devices, multiple image sensors, and the like. The optical sensors 32 may also include
individual pixels or a collection of pixels found in in CCD or CMOS image sensors. In some
embodiments, an aperture output array (not shown) may be interposed between the output from
the diffractive optical neural network 10 and the detector(s) 32. The apertures may correspond,
for example, to different classifications. In some embodiments, a single detector 32 is used to
capture the output optical signal(s) 30. In some embodiments, the single detector 32 may be
moved to different locations using a stage or the like to capture signals at different locations
(e.g., signal passing through apertures of aperture output array). The detector 32 or set of
detectors 32 generates output signals, images, or data 34 that used to perform the machine vision
task, machine learning task, and/or classification of objects 4. The output signals, images, or
data 34 may be used directly or indirectly to perform the desired task or classification. As seen
in FIG. 1A, an optional computing device 36 is provided that receives the output signals, images,
or data 34 from the detector 32 or set of detectors 32 and, using software 38 that is executed
thereon, uses the output signals, images, or data 34 to output and/or perform the designed task
40. The task 40 that is performed by the system 2 may include a machine vision task, machine
learning task, and/or classification of objects 4. In this particular example, the task 40 is the
classification of the object 4 (classified as Class 1). In other embodiments, the computing device
36 is not needed and the output signals, images, or data 34 form the detector 32 or set of
detectors 32 directly can be used for the particular task 40 to be performed.

[0046] The optional computing device 36 may be used to run software 38 that
receives/transmits signals and/or data from/to the detector 32 or set of detectors 32. The
computing device 36 may include a computer or the like such as a personal computer, laptop,
server, mobile computing device. The computing device 36 may run software 38 that performs a
number of functions via one or more processors. This includes, for example, perform object
classification or object typing. In some embodiments, the computing device 36 may run or
execute a trained neural network 42 such as that illustrated in FIG. 1B. The trained neural
network 42 may operate within the software 38 or it may be separate therefrom. For example,
the trained neural network 42 may be implemented on Python or TensorFlow software as
examples.

[0047] FIG. 1C illustrates an alternative of a system 2 that uses a diffractive optical neural

network 10 with detectors 32 that perform a differential operation using sub-groups of individual
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detectors 32 with the overall set or group of detectors 32. Here, the detectors 32 are coupled to
circuitry 44 that is used to perform a differential operation on groups of detectors 32. In
particular, in one implementation, a group of detectors 32 is formed by a pair of detectors 32
with one of the detectors 32 being classified as a virtually “positive” detector 32p and the other
detector 32 being classified as a virtually “negative” detector 32n. A positive detector 32p is a
detector 32 whose output (e.g., output signal or data) is added to another optical signal or data
with a positive scaling factor or coefficient. A negative detector 32n is a detector 32 whose
output (e.g., output signal or data) is added to another optical signal or data with a negative
scaling factor or coefficient.

[0048] For example, FIG. 1D illustrates differential amplifier circuit 44 that is used to
generate an output 46 that is the signal difference between the inputs from the negative detector
32n and the positive detector 32p within a particular group. Each group of detectors 32 include
its own circuitry or hardware 44 (or share common circuitry or hardware 44 with time
multiplexing of inputs) that is used to calculate the signal difference within the negative
detector(s) 32n and positive detector(s) 32p making up the group (e.g., pair as illustrated in
dashed box of FIG. 1C). As explained herein, in one embodiment the final task 40 is based on
identifying the particular detector 32 group where the normalized signal difference is maximized.
That is to say, the particular group of detectors 32 is identified that has the largest normalized
signal difference. This group of detectors 32 is associated with a particular classification which
is then output as the desired task 40 of the system 2. In some embodiments, the grouping may
involve a pair of detectors 32 (e.g., one positive detector 32p and one negative detector 32n).
Groupings, however, may encompass additional variations such as two or more positive
detectors 32p and two or more negative detectors 32n.

[0049] FIGS. 3A-3C illustrate different types of image classification systems 2 that utilize so-
called vaccinated diffractive optical neural networks 10. FIG. 3A illustrates a standard
vaccinated diffractive optical neural network 10 trained for all-optical classification of
handwritten digits. Each detector 32 at the output plane (e.g., active area of detector(s))
represents a specific data class. Of course, it is possible that multiple detectors 32 could be used
for a single class. FIG. 3B illustrates a differential vaccinated diffractive optical neural network
10 trained for all-optical classification of handwritten digits. Each data class is represented by a

pair of detectors 32p, 32n at the output plane, where the normalized difference between these
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detector pairs 32p, 32n represents the class scores. FIG. 3C illustrates a jointly-trained hybrid
(optical-electronic) vaccinated diffractive optical neural network 10 trained for classification of
handwritten digits. The optical signals, images, or data 34 collected at the output detectors 32 or
array are used as inputs to the electronic neural network 42 at the back-end, which is used to
output the final class scores. FIG. 3C thus shows a hybrid embodiment that utilizes an all optical
front-end and an electronic back-end.

[0050] FIG. 14 illustrates a flowchart of the operations or processes according to one
embodiment to create and use a vaccinated diffractive optical neural network 10. As seen in
operation 300 of FIG. 14, a specific task/function is first identified that the vaccinated diffractive
optical neural network 10 will perform. This may include classification of one or more objects 4.
The object 4 may be in free space or the object may be in an image (e.g., captured in an image).
For example, a classification scheme may classify objects 4 within images based on one or more
features. For example, the classification scheme may classify objects within images as, for
example, a face or the like. The system 2 may further be used to tag or identify certain features
within the classified objects 4 within an image. The task or function may also include
performing one or more imaging operations (e.g., image magnification, enhance spatial features
of the object 4, improved resolution, feature highlighting, image feature tagging, etc.). In the
particular example illustrated in FIG. 14, the task/function is to identify objects 4 in a scene or
image 50 and identify a face in the input scene or image 50 (Face ID). Once the task or function
has been established, a computing device 36 having one or more processors 52 executes software
38 thereon to then digitally train a model or mathematical representation of one or more
diffractive or reflective layers 16 to the desired task or function to then generate a design for a
physical embodiment of the vaccinated diffractive optical neural network 10. This operation is
illustrated as operation 310 in FIG. 14. Importantly, in this digital training operation 310,
undesired misalignments, artifacts, or errors are introduced as continuous random variables in the
optical forward model that is used to design the physical features or regions in the layers 16 that
collectively define the vaccinated diffractive optical neural network 10.

[0051] The design has the physical layout for the different physical features 20 that form the
artificial neurons in each of the one or more layers 16 which are present in the vaccinated
diffractive optical neural network 10. This may be stand-alone vaccinated diffractive optical

neural network 10 such as that illustrated, for example, in FIG. 1A or it may include a hybrid
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design that includes an electronic back-end trained neural network 42 such as that illustrated in
FIG. 1E. To this end, in some embodiments, the back-end trained electronic or digital neural
network 42 is trained as seen in operation 320 using training images or training optical signals.
This training is used to optimize the parameters of the neural network 42. This training
operation 320 may conducted on the same or different computing device 36 described above that
was used to generate the design for the front-end vaccinated diffractive optical neural network
10. Further, training the model or mathematical representation of a diffractive/reflective layer(s)
16 used in the front-end vaccinated diffractive optical neural network 10 to perform the desired
task or function may be done jointly or simultaneously with the training of the back-end
electronic or digital neural network 42 as illustrated in dashed line 325. Of course, in
embodiments that do not utilize the electronic neural network 42, operation 320 is omitted from
FIG. 14.

[0052] The design has the physical layout for the different physical features that form the
artificial neurons in each of the one or more layers 16 which are present in the vaccinated
diffractive optical neural network 10 may then be used to make a physical embodiment that
reflects the computer-derived design. Operation 320 reflects that the design is used to
manufacture or have manufactured the physical embodiment of the vaccinated diffractive optical
neural network 10 in accordance with the design. The design, in some embodiments, may be
embodied in a software format (e.g., SolidWorks, AutoCAD, Inventor, or other computer-aided
design (CAD) program or lithographic software program) may then be manufactured into a
physical embodiment that includes one or more layers 16. The physical layers 16, once
manufactured may be mounted or disposed in a holder 18. The holder 18 may include a number
of slots formed therein to hold the layers 16 in the required sequence and with the required
spacing between adjacent layers (if needed). Once the physical embodiment of the vaccinated
diffractive optical neural network 10 has been made, the vaccinated diffractive optical neural
network 10 is then used to perform the specific task or function as illustrated in operation 340 of
FIG. 14. This may be done with or without the optional electronic neural network 42 (illustrated
by dashed lines for electronic neural network 42).

[0053]  Results

[0054] FIGS. 3A-3C illustrates three different types of diffractive optical neural network-

based object recognition systems 2 that were investigated. Experiments were focused on 5-layer
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diffractive optical neural network 10 architectures as shown in FIGS. 3A-3C that are fully-
connected, meaning that the half cone angle of the secondary wave created by the diffractive
features (neurons) of size, e.g., =0.53A, is large enough to enable communication between all
the features on two successive diffractive layers 16 that are placed e.g., 40k apart in axial
direction. On the transverse plane, each diffractive layer 16 extends from -100%6 to 100x8 on x
and y directions around the optical axis, and therefore the edge length of each diffractive surface
in total 1s 200x3 (~106.66A). With this outlined diffractive network architecture, the standard
D?NN training routine updates the trainable parameters of the diffractive layers 16 at every
iteration based on the mean gradient computed over a batch of training samples with respect to a
loss function, specifically tailored for the desired optical machine learning application, e.g.,
cross-entropy for supervised object recognition systems, until a convergence criterion is
satisfied. Since this conventional training approach assumes perfect alignment throughout the
training, the sources of statistical variations in the resulting model are limited to the initial
condition of the diffractive network parameter space and the sequence of the training data
introduced to the network.

[0055]  Training and Testing of v-D*NNs

[0056] The training of vaccinated diffractive optical neural networks 10 mainly follows the
same steps as the standard D’NN framework; except, it additionally incorporates system errors,
e.g., misalignments, based on their probability distribution functions into the optical forward
model. Each orthogonal component of the undesired 3D displacement vector of each diffractive

layer, D = (Dx , Dy, Dz ), was modelled as uniformly distributed, independent random variables

as follows;

[0057] Dx~U(-Ax, Ax) (la),
[0058] Dy ~ U(-Ay, Ay) (1b),
[0059] D, ~U(-Az Az) (lc),

[0060] where A% denotes the shift along the corresponding axis, (*), reflecting the uncertainty

in the physical assembly/fabrication of the diffractive model. During the training, the random

displacement vector of each diffractive layer, D, takes different values sampled from the
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probability distribution of its components, Dx, Dy and Dz, for each batch of training samples.

Consequently, the location of layer / at ith iteration/batch, L(I,i) | can be expressed as;

({1, 1) (l,i) D(l,i))

[0061] L(i) = (L L L)+(D D,

2),

[0062]  where the first and the second vectors on the right-hand side denote the ideal location

of the diffractive layer /, and a random realization of the displacement vector, D(Li), of layer / at
the training iteration i, respectively. The displacement vector of each layer is independently
determined, 1.e., each layer of a diffractive network model can move within the displacement
ranges depicted in Eq. (1) without any dependence on the locations of the other diffractive
layers.

[0063] Opto-mechanical assembly and fabrication systems, in general, use different
mechanisms to control the lateral and axial positioning of optical components. Therefore, the
numerical investigation of the vaccination process was split into two: the lateral and axial
misalignment cases. For the vaccination of diffractive optical neural network models against

layer-to-layer misalignments on the transverse plane, it was assumed Dx and Dy are 1.i.d random
variables during the training, i.e,, they are independent with a parameter of Ax = Ay = Aty, and
Dz was set to be 0. The axial case, on the other hand, sets Atr to be O throughout the training
leaving Dz ~ U(-A(Z’tr), A(z,tr)) as the only source of inter-layer misalignments.

[0064] Following a similar path with the training, the blind testing of the presented diffractive

network models updates the random displacement vector of each layer /, D(Lm), for each test
sample m. The reported accuracies throughout the analyses reflects the blind testing accuracies
computed over the 10K image test set of MNIST digits where each test sample propagates
through a diffractive network model that experiences a different realization of the random
variables depicted in Eq. (1) for each diffractive layer 16, i.e., there are 10K different
configurations that a diffractive network model was misaligned throughout the testing stage.
Furthermore, similar to the training process, during the blind testing against lateral

misalignments, it was assumed that Dx and Dy are i.i.d random variables with Ax = Ay = Atest,
and similarly, the axial displacements or misalignments were determined by

Dz ~ U(-A(z,test), Az, test))-
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[0065] Misalignment analysis of all-optical and hybrid diffractive systems
[0066] FIGS. 4A and 4D illustrate the blind testing accuracies provided by the standard

diffractive optical neural network architecture (FIG. 3A) trained against various levels of
undesired axial and lateral misalignments, respectively. Focusing on the testing accuracy curve
obtained by the error-free design (0.0X) in FIGS. 4A and 4D, it can be noticed that the diffractive
optical neural networks are more susceptible to lateral misalignments compared to axial

misalignments. For instance, when Ategt s taken as 2.124, inducing random lateral fluctuations

on each diffractive layer’s location around the optical axis, the blind testing accuracy achieved
by the non-vaccinated standard diffractive optical neural network decreases to 38.40% from
97.77% (obtained in the absence of misalignments). As one further increases the level of lateral
misalignments, the error-free diffractive optical neural network almost completely loses its
inference capability by achieving, e.g., 19.24% blind inference accuracy for Atest=4.24A (i.e., the
misalignment range in each lateral direction of a diffractive layer is -85 to 86). On the other
hand, when the diffractive layers are randomly misaligned on the longitudinal direction alone,
the inference performance does not drop as excessively as the lateral misalignment case; for

example, even when A(z test) becomes as large as 19.2, the error-free diffractive network

manages to obtain an inference accuracy of 49.8%.

[0067] As demonstrated in FIG. 4D, the rapid drop in the testing accuracy of diffractive
optical classification systems under physical misalignments can be mitigated by using the v-
D2NN framework. Since v-D?NN training introduces displacement errors in the training stage,
the diffractive optical neural networks 10 can adopt to those variations preserving their inference
performance over large misalignment margins. As an example, the 38.40% blind testing
accuracy achieved by the non-vaccinated diffractive design with a lateral misalignment range of

Atest=2.12), can be increased to 94.44% when the same architecture is trained with a similar

error range using the presented vaccination framework (see FIG. 4D). On top of that, the
vaccinated design does not compromise the performance of the all-optical object recognition
systems when the ideal conditions are satisfied. Compared to the 97.77% accuracy provided by
the error-free design, this new vaccinated network (2.2A FIG. 4D) obtains 96.1% in the absence
of misalignments. In other words, the ~56% inference performance gain of the vaccinated

diffractive network under physical misalignments comes at the expense of only 1.67% accuracy
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loss when the opto-mechanical assembly perfectly matches the numerical training model. In case
the level of misalignment-related imperfections in the fabrication of the diffractive network is
expected to be even smaller, one can design improved v-D*NN models that achieve e.g., 97.38%,
which corresponds to only 0.39% inference accuracy loss compared to the error-free models at
their peak (perfect alignment case) while at the same time providing >4% blind testing accuracy

improvement under mild misalignment, i.e., Atest=0.53A. Similarly, when one compares the

blind inference curves of the error-free and vaccinated network designs in FIG. 4A, one can
notice that the v-D?’NN framework can easily recover the performance of the diffractive digit
classification networks in the case where the displacement errors are restricted to be on the

longitudinal axis. For example, with A(z test)=2 .4}, the inference accuracy of the error-free

diffractive network (0.0%) is reduced to 94.88%, while a vaccinated diffractive network that was

already trained against the same level of misalignment, A(z tr)=2.4A, retains 97.39% blind

inference accuracy under the same level of axial misalignment.

[0068] Next, the v-D’NN framework was combined with the differential diffractive network
architecture: the blind testing results of various differential handwritten digit recognition systems
under axial and lateral misalignments are reported in FIG. 4B and FIG. 4E, respectively. FIGS.
5A-5L also provides a direct comparison of the blind inference accuracies of these two all-
optical diffractive machine learning architectures under different levels of misalignments. FIGS.
5A and 5G compare the error-free designs of differential and standard diffractive network
architectures, which reveal that although the differential design achieves slightly better blind
inference accuracy, 97.93%, in the absence of alignment errors, as soon as the misalignments
reach beyond a certain level, the performance of a differential design decreases faster than the
standard diffractive network. This means that they are more vulnerable against the system
variations that they were not trained against. Since the number of detectors inside an output
region-of-interest is twice as many in differential diffractive networks compared to the standard
diffractive network architecture (see FIGS. 3A-3B), the detector signals are more prone to have
cross-talk when the diffractive layers are experiencing uncontrolled mechanical displacements.
With the introduction of vaccination during the training phase, however, differential diffractive
network models can adapt to these system variations as in the case of standard diffractive optical

neural networks. Compared to standard diffractive optical neural networks, the differential
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counterparts that are vaccinated generate higher inference accuracies when the misalignment
levels are small. In FIG. 5H, for instance, the vaccinated differential design (Differential D2NN)
achieves 97.3% blind inference accuracy while the vaccinated standard diffractive network

(Standard D®NN) can provide 96.91% for the case Ategt = Atr = 0.53\. In FIG. 51, where the

vaccination range on x and y axis is twice as large compared to FIG. 5H, the differential network
reveals the correct digit classes with an accuracy of 96.18% when it is tested at an equal
displacement/misalignment uncertainty to its vaccination level; on the other hand, the standard
diffractive network can achieve 95.79% under the same training and testing conditions. Beyond
this level of misalignment, the differential systems slowly lose their performance advantage and
the standard diffractive networks starts to perform on par with their differential counterparts. One
exception to this behavior is shown in FIG. 5K, where the misalignment range of the diffractive
layers during the training causes cross-talk among the differential detectors at a level that hurts
the evolution of the differential diffractive network, leading to a consistently worse inference
performance compared to the standard diffractive design. A similar effect also exists for the case
illustrated in FIG. SL; however, this time, the standard diffractive optical neural network design
also experiences a similar level of cross-talk among the class detectors at the output plane.
Therefore, as demonstrated in FIG. 5L, the differential diffractive optical neural network
recovers its performance gain thriving over the standard diffractive network design with a higher
optical classification accuracy. This performance gain of the differential design depicted in FIG.
5L, can be translated to the smaller misalignment cases, e.g., Atest = Atr = 4.24A, simply by
increasing the distance between the detectors 32 at the output plane for differential diffractive
optical neural network designs, i.e., setting the region-of-interest covering the detectors to be
larger compared to the standard diffractive network architecture.

[0069] FIGS. SA-5L also outlines a comparison of the differential and standard diffractive all-
optical object recognition systems against hybrid diffractive neural networks under various levels
of misalignments. For the hybrid neural network models presented here, a S-layer diffractive
optical front-end 10 and a single-layer fully-connected electronic network 42 were jointly
trained, communicating through discrete detectors at the output plane. To provide a fair
comparison with the all-optical diffractive systems, ten (10) discrete detectors 32 were used at

the output plane of these hybrid configurations, same as in the standard diffractive optical neural
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network designs (see FIGS. 3A and 3C). The blind inference accuracies obtained by these hybrid
neural network systems under different levels of misalignments are shown in FIGS. 4C and 4F.
When the opto-mechanical assembly of the diffractive network is perfect, the error-free, jointly-
optimized hybrid neural network architecture can achieve 98.3% classification accuracy
surpassing the all-optical counterparts as well as the all-electronic performance of a single-layer
fully-connected network, which achieves 92.48% classification accuracy using >75-fold more
trainable connections without the diffractive optical neural network front-end. As the level of
misalignments increases, however, the error-free hybrid network fails to maintain its
performance and its inference accuracy quickly falls. The v-D?NN framework helps the hybrid
neural systems during the joint evolution of the diffractive and the electronic networks and
makes them resilient to misalignments. For example, the handwritten digit classification
accuracy values presented for the standard diffractive networks in FIG. SH (96.91%) and FIG. 51
(95.79%) have improved to 97.92% and 97.15%, respectively, for the hybrid neural network
system (Hybrid curve), indicating ~1% accuracy gain over the all-optical models under the same
level of misalignment (i.e., 0.53A for FIG. SH and 1.06A for FIG. 5I). As the level of
misalignments in the diffractive optical front-end increases, the cross-talk between the detectors
at the output plane also increases. However, for a hybrid network design there is no direct
correspondence between the data classes and the output detectors 32, and therefore the joint-
training under the vaccination scheme introduced herein directs the evolution of the electronic
network model accordingly and opens up the performance gap further between the all-optical
diffractive classification networks and the hybrid systems as illustrated in FIG. 5K and FIG. 5L.
A similar comparative analysis, is also conducted for phase-encoded input objects 4 (Fashion-
MNIST dataset), which is reported in FIGS. 12A-12F and 13A-13F.

[0070] Experimental Results

[0071] The error-free standard diffractive network design that achieves 97.77% blind
inference accuracy for the MNIST dataset as presented in FIGS. 4A, 4D, 5A and 5@, offers a
power efficiency of ~0.07% on average over the blind testing samples. This relatively low power
efficiency is mostly due to the absorption of the 3D printing material at THz band. Specifically,
~88.62% of the optical power right after the object is absorbed by the five (5) diffractive layers
16, while 11.17% is scattered around during the light propagation. Due to the limited optical

power in the THz source and the noise floor of the detector 32, an error-free standard diffractive
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optical neural network model was trained with a slightly compromised digit classification
performance for the experimental verification of the v-D?*NN framework. This new error-free
diffractive network provides a blind inference accuracy of 97.19%, and it obtains ~3x higher
power efficiency of ~0.2%. In addition to improved power efficiency, this new diffractive
network model with 97.19% classification accuracy also achieves ~10x better signal contrast (\)
between the optical signal collected by the detector 32 corresponding to the true object label and
its closest competitor, i.e., the second maximum signal. The layers 16 of this error-free
diffractive network are shown in FIG. 3E. In addition, the comparison between the error-free,
high-contrast standard diffractive optical neural network model and its lower contrast, lower
efficiency counterpart in terms of their inference performance under misalignments is reported in
FIG. 7A.

[0072] Following the same power-efficient design strategy, another diffractive optical neural
network that is vaccinated against both the lateral and axial misalignments was trained with the

training parameters (Atr, A(z tr)) taken as (424, 4.8%). As in the case of the error-free design,

the inference accuracy of this new vaccinated diffractive network shown in FIG. 7A is also
compromised compared to the standard diffractive networks presented in FIG. 4D and FIG. 5K
since it was trained to improve power efficiency and signal contrast. This design can achieve
89.5% blind classification accuracy for handwritten digits under ideal conditions, with the
diffractive layers reported in FIG. #3. A comprehensive comparison of the blind inference
accuracies of the vaccinated diffractive networks shown in FIGS. 4A-4F and 5A-5L and their
high-contrast, high-efficiency counterparts are reported in FIG. 9B.

[0073]  The experimental verification of the v-D*NN framework was based on the comparison
of the vaccinated and the error-free standard diffractive optical neural network designs in terms
of the accuracy of their optical classification decisions under inter-layer misalignments. To this
end, the diffractive layers of the non-vaccinated and the vaccinated networks were fabricated as
shown in FIGS. 3D-3 using 3D printing. The fabricated diffractive networks are depicted in
FIGS. 7C-7D. In addition, 6 MNIST digits selected from the blind testing dataset that are
numerically correctly classified by both the vaccinated and the non-vaccinated diffractive
network models without any misalignments were fabricated. For a fair comparison, the correctly

classified handwritten digits were grouped based on the signal contrast statistics provided by the
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non-vaccinated design. With psc, 6sc denoting the mean and the standard deviation of the signal

contrast generated by the error-free diffractive network over the correctly classified blind testing

MNIST digits, 2 handwritten digits (Set 1) were selected that satisfies the condition

Ugetose < {y, y'} < uget20sc, where y and ' denote the signal contrasts created by the error-

free and the vaccinated designs for a given input object, respectively. The condition on  and v/’

for the second set of 3D printed handwritten digits (Set 2), on the other hand, is slightly less
restrictive, ugc < {y, ¥'} < ngctose. By using this outlined approach, 6 experimental test objects

in total were selected that are equally favorable for both the vaccinated and non-vaccinated
diffractive networks.

[0074]  To test the performance of the error-free and vaccinated diffractive network designs
under different levels of misalignments, the 3™ layer 16 of both diffractive systems was shifted to
twelve (12) different locations around its ideal location as depicted in FIG. 7B. The perturbed
locations of the 3™ diffractive layer 16 covers four (4) different spots on each orthogonal
direction. The distances between these locations are 1.2mm (1.6A) along x and y, and 2.4mm
(3.2) along z axes. These shifts cover a total length of 6.4A (12 times the smallest feature size)
along (x,y) and 12.8% (0.32x40%) along z axis, respectively.

[0075] FIG. 7E shows a schematic of the THz setup that was used to test these diffractive
networks and their misalignment performances. FIGS. 8 A-8B reports the experimentally
obtained optical signals for a handwritten digit ‘0’ from Set 1 (FIG. 8A) and a handwritten digit
‘5’ from Set 2 (FIG. 8B), received by the class detectors 32 at the output plane based on the
thirteen (13) different locations of the 3™ diffractive layer 16 of the vaccinated and the error-free
networks. The first thing to note is that both the vaccinated and non-vaccinated networks can
classify the two digits correctly when the 3™ layer 16 is placed at its ideal location within the set-
up. As illustrated in FIG. 8A, as one perturbs the location of the 3" layer 16, the error-free
diffractive network fails at nine (9) locations while the vaccinated network correctly infers the
object label at all the 13 locations for the handwritten digit ‘0’. In addition, the vaccinated
network maintains its perfect record of experimental inference for the digit °5” despite the inter-
layer misalignments as depicted in FIG. 8B. The error-free design, on the other hand, fails at 2
different locations of its 3" layer misalignment (see FIG. 8B). The experimental results for the

remaining 4 digits are presented in FIGS. 10A, 10B and 11A, 11B, confirming the same
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conclusions. In the experiments, all the objects 4 were correctly classified when the 3 layer 16
was placed at its ideal location. Out of the remaining 72 measurements (6 objects x 12
shifted/misaligned locations of the 3" layer 16), the error-free design failed to infer the correct
object class in 23 cases, while the vaccinated network failed only 2 times, demonstrating its
robustness against a wide range of misalignments as intended by the vaccinated multi-layer
diffractive optical neural network 10 (v-D’NN).

[0076] Discussion

[0077] As an example of a severe case of lateral misalignments, a scenario was investigated
where each diffractive layer 16 can move within the range (-8.48A,8.48) around the optical axis
in x and y directions. As demonstrated in FIG. 4D and FIG. 5G, when the error-free design (0.0
A) is exposed to such large lateral misalignments, it can only achieve 12.8% test accuracy, i.e., it
barely surpasses random guessing of the object classes. A diffractive optical neural network that
is vaccinated against the same level of uncontrolled layer movement can partially recover the
inference performance providing 67.53% blind inference accuracy. As the best performer, the
hybrid neural network system 2 composed of a S-layer diffractive optical neural network 10 and
a single-layer fully-connected network 42 can take this accuracy value up to 79.6% under the
same level of misalignments, within the range (-8.48X,8.48) for both x and y direction of each
layer. When one compares the total allowed displacement range of each layer 16 within the
diffractive network (i.e., 16.96A in each direction) and the size of the diffractive layers (106.661),
one can see that they are quite comparable. If one imagines a lens-based optical imaging system
and an associated machine vision architecture, in the presence of such serious opto-mechanical
misalignments, this system would also fail due to acute aberrations substantially decreasing the
image quality and the resolution. The main motivation to include this severe misalignment case
in the analyses was to test the limits of the adaptability of the vaccinated systems.

[0078] FIGS. 6A-6B further summarize the inference accuracies of the differential diffractive
networks and hybrid neural network systems at discrete points sampled from the corresponding
curves depicted in FIGS. 5G-5L. In FIG. 6A, the best inference accuracy is achieved by the
error-free (non-vaccinated) differential diffractive network model under perfect alignment of its
layers. However, its performance drops in the presence of an imperfect opto-mechanical
assembly. The vaccinated, diffractive all-optical classification networks provide major

advantages to cope with the undesired system variations achieving higher inference accuracies
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despite misalignments. The joint-training of hybrid systems that are composed of a diffractive
optical front-end 10 and a single-layer electronic network 42 (back-end) can adapt to
uncontrolled mechanical perturbations achieving higher inference accuracies compared to all-
optical image classification systems. These results further highlight that, operating with only a
few discrete opto-electronic detectors 32 at the output plane, the D*2NN-based hybrid
architectures offer unique opportunities for the design of low-latency, power-efficient and
memory-friendly machine vision systems for various applications.

[0079] A design framework is disclosed herein that introduces the use of probabilistic layer-
to-layer misalignments during the training of diffractive neural networks to increase their
robustness against physical misalignments. Beyond misalignments or displacements of
diffractive layers 16, the presented vaccination framework can also be harnessed to decrease the
sensitivity of diffractive optical neural networks to various error sources, e.g., detection noise or
fabrication defects. The presented training strategy will find use in the design of diffractive
optical neural network-based machine vision and sensing systems, spanning different
applications.

[0080] Experimental Setup Details

[0081] The schematic diagram of the experimental setup is given in FIG. 7E. The THz wave
incident on the object was generated through a horn antenna compatible with the source WR2.2
modular amplifier/multiplier chain (AMC) from Virginia Diode Inc. (VDI). Electrically
modulated with 1 kHz square wave, the AMC received an RF input signal that isa 16 dBm
sinusoidal waveform at 11.111 GHz (fzr1). This RF signal is multiplied 36 times to generate the
continuous-wave (CW) radiation at 0.4 THz, corresponding to ~0.75 mm in wavelength. The exit
aperture of the horn antenna was placed ~60 cm away from the object plane of the 3D-printed
diffractive optical neural network. At the output plane of the diffractive optical neural network,
an output aperture was 3D-printed that has 10 openings, each with a size of 4.8 mm x 4.8 mm,
defining the class detectors at their relative locations. The diffracted THz light at the output plane
was collected with a single-pixel Mixer/AMC from Virginia Diode Inc. (VDI). A 10 dBm
sinusoidal signal at 11.083 GHz was sent to the detector as local oscillator for mixing, and the
down-converted signal was at IGHz. The 10 openings representing the class detectors was
scanned by placing the single-pixel detector on an XY stage that was built by combining two

linear motorized stages (Thorlabs NRT100). The scanning step size was set to be 1 mm within
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each aperture opening. The down-converted signal of single-pixel detector at each scan location
was sent to low-noise amplifiers (Mini-Circuits ZRL-1150-LN+) to amplify the signal by 80
dBm and a 1 GHz (+/-10 MHz) bandpass filter (KL Electronics 3C40-1000/T10-O/0O) to clean
the noise coming from unwanted frequency bands. Following the amplification, the signal was
passed through a tunable attenuator (HP 8495B) and a low-noise power detector (Mini-Circuits
7X47-60), then the output voltage was read by a lock-in amplifier (Stanford Research SR830).
The modulation signal was used as the reference signal for the lock-in amplifier and accordingly,
a calibration was conducted by tuning the attenuation and record the lock-in amplifier readings.
The lock-in amplifier readings at each scan location were converted to linear scale according to
the calibration. The class scores shown in FIGS. 8A, 8B as well as the FIGS. 10A, 10B and 11A,
11B, were computed as the sum of the calibrated and converted lock-in amplifier output at every
scan step within the corresponding class detector opening.

[0082] The diffractive optical neural networks 10 were fabricated using a 3D printer (Objet30
Pro, Stratasys Ltd.). Each 3D-printed diffractive optical neural network 10 consisted of an input
object 4, five (5) diffractive layers 16 and an output aperture array corresponding to the desired
locations of the class detectors 32 (see FIG. 3A). While the active modulation area of the 3D
printed diffractive layers 16 was 8 cm x 8 cm (106.66A x 106.661), they were printed as light
modulating insets surrounded by a uniform slab of printed material with a thickness of 0.9 mm.
The total size of each printed layer was selected large enough to accommodate the introduced
shifts on the 3™ diffractive layer 16 location (for misalignment testing), with a total size of 12.8
cm x 12.8 cm.

[0083] The output aperture array and the 3D-printed MNIST digits were coated with
aluminum except the openings and object features. Each aperture at the output plane is a square
covering an area of 4.8 mm x 4.8 mm, matching the assumed size during the training. The size of
the printed MNIST digits (object 4) was 4 cm x 4 cm sampled at a rate of 0.4 mm in both x and y
directions, matching the training forward model. A 3D-printed holder was used to align the 3D
printed input object 4, 5 diffractive layers 16 and the output aperture. Around the location of the
3" ayer 16, the holder 18 had additional spatial features that allowed one to move this

diffractive layer 16 to thirteen (13) different locations including the ideal one (see FIGS. 7A-7D).
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[0084]  Training of diffractive optical neural networks

[0085] Forward optical model
[0086]  Error-free D°NN

[0087] In a diffractive optical neural network, each unit diffractive feature 20 of a layer 16
represents a complex-valued transmittance learned during the training process that optimizes the
thickness, h, of the features based on the complex-valued refractive index of the 3D-fabrication
material, T=n + jk. The characterization of the printing material in a THz-TDS setup revealed
the values of n and « as 1.7227 and 0.031, respectively, for a monochromatic THz light at 400
GHz. formulation represents the complex-valued transmittance function of a diffractive feature

on layer, |, at coordinates (xq, yq, 21) as;

-2n ¥ h(xq,yq,21) j2n(n-nair) h(xq,yq,2l)
[0088]  t(xq.yq.21) = exp( y ) exp( x ) 3),

[0089]  where h(xq, yq, 1) , nair and z] denote the thickness of a given feature 20, refractive
index of air and the axial location of the layer, 1, respectively. From the Rayleigh-Sommerfeld

theory of diffraction, one can interpret every diffractive unit on layer, 1, at (xq, yg, 1), as the

source of a secondary wave, wlq(x, y, Z),

I zz] 1 1 j2mr
[0090]  w (x.y.2) = ~ 57 (3 + 50 exp(5 ) (4),

[0091]  where r = ((x-xq)2+ (y-yq)2+ (z-21)2)0-5. Therefore, the complex field coming out of

the ¢ feature of (I+1)th layer, ul+14(x,y,z) can be written as;

1+1 1+1 1
[0092]  uy (xy.2) =t(xqyqa+D Wy (.2 (Skel ylxgygar)  (5)
[0093] The diffractive fields and surfaces were sampled at a sampling interval of 0.4 mm that
is equal to 0.53. The smallest diffractive feature size was also equal to 0.4 mm. The learnable
thickness of each feature, h, was defined over an auxiliary variable, ha;

sin(ha)+1

[0094] h=q(—5 — hm )+ hb (6);
[0095] where hm and hb denote the maximum modulation thickness and base thickness,

respectively. Taking hb as 0.5 mm and hm as 1 mm, the printed thickness values were limited
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between 0.5 mm and 1.5 mm. The minimum thickness hb was used to mainly ensure the
mechanical stability of the 3D printed layers against cracks and bending. The operator q(.) in Eq.
(6) represents the quantization operator. The thickness values to sixteen (16) discrete levels
(0.0625 mm per step) were quantized. For the initialization of the diffractive layers at the
beginning of the training, the thickness of each feature 20 was taken as a uniformly distributed
random variable between 0.9 mm and 1.1 mm, including the base thickness.

[0096] Vaccinated D2NN

[0097]  The training of the vaccinated diffractive optical neural networks 10 follows the same
optical forward model outlined in the previous section, except that it additionally introduces
statistical variations following the models of the error sources in a diffractive network. The
components of the 3D displacement vector of the 1™ diffractive layer, DI = (Dly, Dly, Dly), were
defined as uniformly distributed random variables defined by Eq. (1). The vaccination strategy
uses different sets of displacement vectors at every iteration (batch) to introduce undesired
misalignments of the diffractive layers during the training. With D(L1) = (D(L,)y, D(l,i)y, D(L1);)
denoting the random displacement that the 1™ layer 16 experiences at i iteration, Eq. (5) was
adjusted according to the longitudinal shift of the successive layers, D,(1.i) and D (I+1,1), i.e.,
the light propagation distances between the diffractive layers were varied at every iteration. To

implement the continuous lateral displacement of diffractive layers, the following was used:

(L1) (L1) (L,1) (L,1)

t.Dx+D,, v N v

Dy = [ T, v) exp(2n u(x+ D, )+ v(y+ D M)y dudv  (7),

[0098]  where t(L)(x,y) denotes the 2-dimensional complex modulation function of layer 1, at
i iteration, and T(LL)(u,v) represents its spatial Fourier transform defined over the 2D spatial
frequency space (u,v).

[0099] Training of all-optical and hybrid classification systems

[00100] Loss function and class scores

[00101] In the forward training model, without loss of generality, the detectors 32 were
modelled as ratiometric sensors that capture the ratio of the optical power incident over their

active area, P, and the optical power incident over the object at the input plane, Pobj. Based on

this, the optical signal vector collected by output detectors, 14, was formulated as:
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Pd
Pob;

[00102] I4= (8).

[00103] For all three diffractive object classification systems depicted in FIGS. 3A-3C, the

cost function was defined as the widely-known softmax-cross-entropy (SCE);

C
o104 #--3C | golog— 2 ©)

%oy €xp(sc)

[00105] where gc, sc and C denote the binary entry in the label vector, the computed class

score for the data class, ¢, and the number of data classes in a given dataset (e.g., C=10),
respectively.
[00106] For the standard diffractive optical neural network architecture shown in FIG. 3A, the

number of class detectors 32, N{, is equal to the number of data classes, C. In this scheme, the

class score vector, s, was computed by:

Id

[00107] s=T W

(10),

[00108] where T and ¢ are constants, i.e., non-trainable hyperparameters used during the
training phase. The multiplicative factor T was empirically set to be equal to 10 to generate
artificial signal contrast at the input of softmax function for more efficient convergence of
training. The constant €, on the other hand, was used to regularize the power efficiency of the
standard diffractive object recognition systems. In particular, the standard diffractive neural
network models presented in FIGS. 4A, 4D and SA-5L, as well as in the FIGS. 12A, 12D and
13A-13F, were trained by taking € = 10-4 which results in low power efficiency, 1, and low
signal contrast, . The 3D-printed diffractive optical neural networks, on the other hand, were
trained by setting £ = 10-3 to circumvent the effects of the limited signal-to-noise ratio in the
experimental system. Trained with a higher ¢ value, these diffractive networks offer slightly
compromised blind testing accuracies while providing significantly improved power efficiency,
1, and signal contrast, y, which are defined as:

[00109] n=1lgt (11),
[00110] y =Igt - Isc (12),
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[00111] where Igt and Isc denote the optical signals measured by the class detector

representing the ground truth label of the input object and its strongest competitor, i.e., the
second maximum for a correctly classified input object, respectively. A comparison between the
inference performances of low- and high- contrast variants of vaccinated and non-vaccinated
standard diffractive optical neural networks under various levels of misalignments is presented in
FIG. 9A, 9B. As depicted in FIG. 9A, the high contrast, high efficiency standard diffractive
networks are more robust against the undesired system variations/misalignments compared to
their low-efficiency counterparts when both networks were trained under error-free conditions.
FIG. 9B, on the other hand, compares the standard diffractive network architectures that were
tested within the same misalignment range used in their training. In this case, the low-contrast,
power inefficient diffractive networks show their higher inference capacity advantage and adapt
to the misalignments more effectively than the diffractive classification systems trained to favor
higher power efficiency.

[00112] In a differential diffractive optical neural network system, the number of detectors is

doubled, i.e., Nd=2C, where each pair represents the negative, Id-, and positive signal vector,

Id+, contributing to the normalized differential signal, I(d,n) (see FIG. 3B) defined as:

Ig+ - 14-
[00113] I(dn)= m (13).

[00114] In parallel, the class scores of a differential diffractive object classification system, s,
are calculated by replacing the optical signal vector, Ig, in Eq. (10) with the normalized
differential signals, I(d,n), depicted in Eq. (13).

[00115] It is important to note that the Eqgs. (8), (9) and (10) concern only the training stage of
diffractive optical neural networks and the associated all-optical object classification systems.
Once the training is completed, these equations are not used in the numerical and experimental
blind testing, meaning that the class decision is made solely based on max(Pd) and max(P(d n))
in standard and differential diffractive network systems, respectively.

[00116] In the hybrid neural network models, a 5-layer diffractive optical neural networks

were jointly-trained with an electronic network that has a single-layer fully-connected network

with only 110 (100 multiplicative weights + 10 bias) trainable parameters. During the joint-
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evolution of these two neural networks, the optical signal collected by the detectors, I, as
depicted in Eq. (10) was normalized with T = 1. These normalized detector signals were then fed
into the subsequent fully-connected layer in the electronic domain to compute the class scores, s,
which was used in Eq. (9) for computing the classification loss before the error-backpropagation
through both the electronic and diffractive optical neural networks.

[00117] Other training related details

[00118] All network models used in this work were trained using Python (v3.6.5) and
TensorFlow (v1.15.0, Google Inc.). Adam optimizer was selected during the training of all the
models, and its parameters were taken as the default values in TensorFlow and kept identical in
each model. The learning rates of the diffractive optical neural networks and the electronic
neural network were set to be 0.001 and 0.0002, respectively. The data of handwritten digits and
fashion-products were both divided into three parts: training, validation and testing, containing
55K, 5K and 10K images, respectively. All object recognition systems were trained for 50
epochs with a batch size of 50 and the best model was selected based on the highest
classification performance on the validation dataset. In the training of MNIST digits, the image
information was encoded in the amplitude channel at the object plane, while the Fashion-MNIST
objects was assumed to be phase-only targets with their gray levels mapped to phase values
between 0 and 7.

[00119] While embodiments of the present invention have been shown and described, various
modifications may be made without departing from the scope of the present invention. Thus,
while the v-D*NN tested was transmission-based, the v-D*NN may be reflection-based. In
addition, the errors or artifacts that the v-D?*NN may be vaccinated against include not only
misalignments but also fabrication-related errors/artifacts and signal noise (e.g., caused by the
detector(s) 32. In addition, while a multi-layer diffractive optical neural network 10 was the
focus of the experiments, in some embodiments, only a single layer 16 is needed in the
diffractive optical neural network 10. The invention, therefore, should not be limited, except to

the following claims, and their equivalents.
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What is claimed is:

1. A method of forming a diffractive optical neural network comprising one or more
layers that are resilient to misalignments, fabrication-related errors, detector noise, and/or other
sources of error comprising:

training with a computing device a diffractive optical neural network model to perform
one or more specific optical functions for a transmissive and/or reflective optical neural network
having one or more optically transmissive and/or optically reflective physical features located in
different two dimensional locations in each of the one or more layers, wherein the training
comprises feeding an input plane of the diffractive optical neural network model with training
images or training optical signals along with random misalignments of the one or more
diffractive layers, fabrication-related errors, input plane or output plane misalignments, and/or
detector noise, followed by computing an optical output of the diffractive optical neural network
model through optical transmission and/or reflection resulting from the optical neural network
and iteratively adjusting complex-valued transmission and/or reflection coefficients for each
layer until optimized transmission/reflection coefficients are obtained; and

manufacturing or having manufactured a physical embodiment of the diffractive optical
neural network comprising at least one transmissive and/or reflective layers having physical
features that match the optimized transmission/reflection coefficients obtained by the training of

diffractive optical neural network model.

2. The method of claim 1, wherein the random misalignments comprise
displacement vectors in the x, y, and/or z directions for one or more of the layers and/or

displacement vectors in the input plane and/or output plane.

3. The method of claim 1, wherein one or more of the layers comprise

reconfigurable spatial light modulators.

4. The method of claim 1, wherein the random misalignment comprises in-plane

rotation of one or more of the layers, input plane, and/or output plane.
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5. The method of claim 1, wherein the fabrication-related errors comprise additive

printing or 3D fabrication errors.

6. The method of claim 1, wherein the physical embodiment of the diffractive
optical neural network has an inference performance that substantially equals the inference
performance of an equivalent diffractive optical neural network that does not have any
misalignments, fabrication-related errors, and/or other sources of error taken into account during

training.

7. The method of claim 1, wherein the physical diffractive optical neural network

outputs an optical image and/or optical signal to one or more optical detectors.

8. The method of claim 7, wherein the one or more optical detectors comprise one or

more optical detectors specifically assigned to a particular object, image, or data class.

9. The method of claim 7, the one or more optical detectors output signal(s) or data

to a trained electronic neural network.

10. The method of claim 1, wherein the physical diffractive optical neural network
outputs an optical image or optical signal to a plurality of groups of optical detectors configured
to sense the output optical images or output optical signals, wherein each group of optical
detectors comprises at least one optical detector configured to capture a virtually positive signal
from the output optical images or output optical signals and at least one optical detector
configured to capture a virtually negative signal from the output optical images or output optical

signals.
11. The method of claim 10, wherein the virtually positive and virtually negative

signals are used to calculate a differential signal for an input optical image or signal input to the

physical diffractive optical neural network to perform an inference and/or classification task.
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12. A diffractive optical neural network comprising one or more layers that are
resilient to misalignments, fabrication-related errors, detector noise, and/or other sources of error
comprising:

one or more optically transmissive layers arranged in an optical path, each of the one or
more optically transmissive layers comprising a plurality of physical features formed on or
within the one or more optically transmissive layers and having different complex-valued
transmission coefficients as a function of lateral coordinates across each layer, wherein the one
or more optically transmissive layers and the plurality of physical features thereon collectively
define a trained mapping function between an input optical image or input optical signal to the
one or more optically transmissive layers and an output optical image or output optical signal
created by optical diffraction through the one or more optically transmissive layers, the trained
mapping function being resilient to one or more of: misalignment of one or more of the optically
transmissive layers, misalignment of an input plane, misalignment of an output plane,
fabrication-related errors in the optically transmissive layers and/or in the diffractive network,
detector noise, and/or other sources of error; and

one or more optical detectors configured to capture the output optical image or output

optical signal resulting from the one or more optically transmissive layers.

13.  The diffractive optical neural network of claim 12, wherein one or more of the

layers comprise reconfigurable spatial light modulators.

14.  The diffractive optical neural network of claim 12, wherein the misalignment(s)
and/or fabrication-related errors comprise displacement vectors in the x, y, and/or z directions for

one or more of the layers and/or displacement vectors in the input plane and/or the output plane.

15. The diffractive optical neural network of claim 12, wherein the misalignment(s)

comprises in-plane rotation of one or more of the layers, the input plane, and/or the output plane.

16.  The diffractive optical neural network of claim 12, wherein the fabrication-related

errors comprise additive printing or 3D fabrication errors.
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17.  The diffractive optical neural network of claim 12, wherein the diffractive optical
neural network has an inference performance that substantially equals the inference performance
of an equivalent diffractive optical neural network that does not have any misalignments,

fabrication-related errors, and/or other sources of error taken into account during training.

18.  The diffractive optical neural network of claim 12, wherein the diffractive optical

neural network outputs an optical image and/or optical signal to one or more optical detectors.

19.  The diffractive optical neural network of claim 18, wherein the one or more
optical detectors comprise one or more optical detectors specifically assigned to a particular

object, image, or data class.

20. The diffractive optical neural network of claim 18, further comprising a trained
electronic neural network, wherein the one or more optical detectors output signal(s) or data to

the trained electronic neural network.

21.  The diffractive optical neural network of claim 12, wherein the diffractive optical
neural network outputs an optical image or optical signal to a plurality of groups of optical
detectors configured to sense the output optical images or output optical signals, wherein each
group of optical detectors comprises at least one optical detector configured to capture a virtually
positive signal from the output optical images or output optical signals and at least one optical
detector configured to capture a virtually negative signal from the output optical images or

output optical signals.

22. The diffractive optical neural network of claim 12, wherein the virtually positive
and virtually negative signals are used to calculate a differential signal for an input optical image
or signal input to the diffractive optical neural network to perform an inference and/or

classification task.
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23. A diffractive optical neural network comprising one or more layers that are
resilient to misalignments, fabrication-related errors, detector noise, and/or other sources of error
comprising:

one or more optically reflective layers arranged along an optical path, each of the one or
more optically reflective layers comprising a plurality of physical features formed on or within
the one or more optically reflective layers, wherein the one or more optically reflective layers
and the plurality of physical features collectively define a trained mapping function between an
input optical image or input optical signal to the one or more optically reflective layers and an
output optical image or output optical signal from the one or more optically reflective layers, the
trained mapping function being resilient to one or more of: misalignment of one or more of the
optically transmissive layers, misalignment of an input plane, misalignment of an output plane,
fabrication-related errors in the optically transmissive layers and/or the diffractive network,
detector noise, and/or other sources of error; and

one or more optical detectors configured to capture the output optical image or output

optical signal from the one or more optically reflective layers.

24.  The diffractive optical neural network of claim 23, wherein one or more of the

layers comprise reconfigurable spatial light modulators.

25. The diffractive optical neural network of claim 23, wherein the misalignment(s)
and/or fabrication-related errors comprise displacement vectors in the x, y, and/or z directions for
one or more of the one or more layers and/or displacement vectors in the input plane and/or the

output plane.

26. The diffractive optical neural network of claim 23, wherein the misalignment(s)
comprises in-plane rotation of one or more of the one or more layers, the input plane, and/or the

output plane.

27.  The diffractive optical neural network of claim 23, wherein the fabrication-related

errors comprise additive printing or 3D fabrication errors.
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28.  The diffractive optical neural network of claim 23, wherein the diffractive optical
neural network has an inference performance that substantially equals the inference performance
of an equivalent diffractive optical neural network that does not have any misalignments,

fabrication-related errors, and/or other sources of error taken into account during training.

29.  The diffractive optical neural network of claim 23, wherein the diffractive optical

neural network outputs an optical image and/or optical signal to one or more optical detectors.

30.  The diffractive optical neural network of claim 29, wherein the one or more
optical detectors comprise one or more optical detectors specifically assigned to a particular

object, image, or data class.

31 The diffractive optical neural network of claim 29, further comprising a trained
electronic neural network, wherein the one or more optical detectors output signal(s) or data to

the trained electronic neural network.

32.  The diffractive optical neural network of claim 23, wherein the diffractive optical
neural network outputs an optical image or optical signal to a plurality of groups of optical
detectors configured to sense the output optical images or output optical signals, wherein each
group of optical detectors comprises at least one optical detector configured to capture a virtually
positive signal from the output optical images or output optical signals and at least one optical
detector configured to capture a virtually negative signal from the output optical images or

output optical signals.

33. The diffractive optical neural network of claim 23, wherein the virtually positive
and virtually negative signals are used to calculate a differential signal for an input optical image
or signal input to the diffractive optical neural network to perform an inference and/or

classification task.
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