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ABSTRACT: Reconstruction of inline holograms of unknown objects in general suffers from
twin-image artifacts due to the appearance of an out-of-focus image overlapping with the desired
image to be reconstructed. Computer-based iterative phase retrieval algorithms and learning-
based methods have been used for the suppression of such image artifacts in digital holography.
Here we present a conceptual framework and the corresponding numerical simulation results for
an all-optical hologram reconstruction method that can instantly retrieve the image of an
unknown object from its inline hologram and eliminate twin-image artifacts without using a
digital processor or a computer. Multiple transmissive diffractive layers are trained using deep
learning so that the diffracted light from an arbitrary input hologram is processed all-optically, through light−matter interaction, to
reconstruct the image of an unknown object at the speed of light propagation and without the need for any external power. This
passive all-optical processor composed of spatially engineered transmissive layers forms a diffractive network that successfully
generalizes to reconstruct inline holograms of unknown, new objects and exhibits improved diffraction efficiency as well as extended
depth-of-field at the hologram recording distance. This all-optical hologram processor and the underlying design framework can find
numerous applications in coherent imaging and holographic display-related applications owing to its major advantages in terms of
image reconstruction speed and computer-free operation.
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Holography is a widely used technique with a myriad of
applications in, for example, computational imaging,

displays, interferometry, and data storage.1 What distinguishes
holography from other optical methods is its ability to record
and reconstruct both the intensity and the phase of the object
field of interest. For its recording, the object wave is made to
interfere with a reference wave to generate an intensity pattern,
that is, the hologram, encoding both the amplitude and the
phase information of the object wave. Holographic recon-
struction broadly refers to the retrieval of the object
information from the recorded hologram intensity.
In the original hologram recording scheme demonstrated by

Gabor, the so-called “inline holography”, the reference wave
and the object wave copropagate along the same axis.2 In its
analog implementation, the recorded hologram (e.g., a
photographic plate or its digital copy) can be illuminated
with a reference wave and the object field can be partially
recovered. Reconstruction of inline holograms in general
suffers from a spatial artifact known as the twin-image, which is
due to the appearance of an out-of-focus image overlapping
with the desired image of the object, degrading the
reconstruction quality. To get rid of the twin-image problem,
Leith and Upatniek proposed an alternative hologram
recording geometry, known as the “off-axis holography”.3 In
this scheme, a small angle is introduced between the reference
wave and the object wave, resulting in a spatial separation of
the twin-image from the desired image of the unknown object
during the reconstruction process. However, in addition to the

relatively increased complexity of the experimental setup, the
achievable space-bandwidth product with off-axis holography is
smaller. In fact, the simplicity and the experimental robustness
of the recording geometry of in-line holograms make it ideal
for various field-based measurements and applications that
require compact and cost-effective imaging and sensing
systems.4

Powered by modern computers, the emergence of digital
holography enabled the numerical reconstruction of holo-
grams, exploiting the availability of phase retrieval algorithms
for suppressing twin-image artifacts.5 Various phase-retrieval
algorithms have been reported over the last several decades to
recover the missing phase information and reconstruct an
image of the specimen from one or more inline holograms
using a computer.6−12 As an alternative approach, deep
learning-based hologram reconstruction methods have also
been demonstrated, performing phase recovery and twin-image
elimination using trained deep neural networks.13−22 Some of
these earlier neural networks devised to blindly reconstruct an
arbitrary hologram were trained with examples of holograms
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(input to the network) and the corresponding object fields
(target ground truth).13 Although the data generation and the
training process are time-consuming (taking, e.g., 12−24 h,
depending on the availability of graphics processing units,
GPUs), this is still a one-time effort, and once the neural
network has been trained, it can be deployed to blindly
reconstruct an input hologram of an unknown, new object, in a
single feed-forward through the network, without any iterative
phase retrieval or optimization steps. This constitutes one of
the important advantages of deep learning-based hologram
reconstruction methods, in addition to enabling some other
unique imaging capabilities such as, for example, extended
depth-of-field23 and virtual image transformations.24,25

All of this earlier body of work is based on digital processing
of the acquired holograms through a computer in order to
reconstruct the images of unknown objects. In this work, we
present an all-optical hologram reconstruction method that
processes the diffracted wave from a holographic recording
through a series of transmissive diffractive layers/surfaces that
collectively project an image of the unknown object at an
output plane. These diffractive layers are designed through
deep learning to specifically reconstruct inline holograms and
form a passive optical network26−32 that can execute a desired
task between an input plane and an output plane without an
external power source, except for the illumination light at a
wavelength of λ. The input optical field of a diffractive network
is transformed via light−matter interactions and diffraction

through the spatially engineered layers to produce the target
field at its output plane, dictated by the inference task that is
statistically learned. In addition to computing the desired
output field at the speed of light propagation (between the
input and output planes), this diffractive network architecture
also exploits the large connectivity and parallelism of free-space
optical diffraction and the advantages of layer-by-layer optical
processing.30

By training five successive diffractive layers using deep
learning, we report the numerical design of an all-optical
processor, in the form of a passive diffractive network
extending only ∼225λ in the axial direction, that can
reconstruct the image of an unknown object from its intensity
hologram without the need for any digital computation or an
external power source. We numerically show that the designed
diffractive networks can generalize very well to unseen
examples and accurately reconstruct their images at the
speed of light propagation, also exhibiting an enhanced
diffraction efficiency as well as an improved depth-of-field at
the hologram recording distance. We believe that this all-
optical hologram processor will find various applications in
holographic imaging and display related applications, especially
benefiting from its computer-free and instantaneous image
reconstruction capability.

Figure 1. Hologram recording and reconstruction scheme for the proposed all-optical holographic reconstruction method. (a) For hologram
recording, the object is illuminated by a plane wave, and the resulting diffraction pattern is recorded, forming the hologram. (b) For reconstruction,
the hologram is illuminated with a plane wave, and the diffractive network all-optically computes a twin-image-free reconstruction at the output
plane.
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■ RESULTS

A schematic of our all-optical hologram reconstruction
framework is shown in Figure 1. The hologram recording
process (Figure 1a) is the same as for inline holography, that is,
an unknown object is illuminated with a coherent plane wave
of wavelength λ, and the recording medium, for example, an
optoelectronic image sensor-array or a photographic emulsion,
is placed at a distance z0 from the object plane; in this work, we
used z0 = 30λ. This choice of z0 is especially relevant for on-
chip holographic microscopy33,34 applications, where the twin-
image artifact is strong. The component of the wave scattered
by the object interferes with the unscattered, directly
transmitted wave, producing an inline hologram. During the
all-optical reconstruction through a diffractive network (Figure
1b), the hologram recording medium or its digital copy is
assumed to be illuminated with a plane wave of the same
wavelength. In this embodiment, a set of spatially engineered,
transmissive diffractive layers is placed between the input
hologram and the output (i.e., the reconstruction or
observation) plane, which all-optically computes a twin-
image-free reconstruction of the original object at the network
output (see Figure 1b). The axial distances between successive
transverse planes, that is, the input hologram plane, diffractive
network layers and the output/reconstruction plane, are
denoted by zi, i = 1, ..., N + 1, where N is the number of
layers in the diffractive network; in this work, we used N = 5
and zi = 37.5λ. The size of the unknown object to be
reconstructed is assumed to be 25λ, the lateral extent of the

recorded hologram is 42λ, and the width of each diffractive
layer is assumed to be 100λ.
Based on these hyper-parameters, we trained an all-optical

network with N = 5 diffractive layers, where each layer had a
total of 200 × 200 trainable parameters. Each one of these
parameters corresponds to the phase value of a diffractive
feature (neuron) over an area of λ/2 × λ/2. Therefore, using
deep learning we optimized a total of 0.2 million independent
phase values, spread across N = 5 transmissive diffractive layers
forming an optical network (Figure 1b). For our training image
data, we used the MNIST handwritten digit dataset,35 which
was augmented with an additional custom-built image dataset
of generic shapes, for example, patches, circles, gratings, and so
on (see Supporting Information, Figure S1 for examples of
these additional training images). The total number of images
in the training dataset was 110000 (55000 from the MNIST
training set, 55000 from the custom prepared image data);
none of these images in the training dataset were used in the
blind testing of the final diffractive network models. Other
details of the network training process, including the loss
function, optimization algorithm, and training times, are
reported in Methods.
Once the diffractive network was trained for all-optical

reconstruction of input holograms, it was blindly tested using
numerically computed inline holograms of new, unknown
objects. Figure 2 reports numerical examples of input
holograms and the corresponding all-optical reconstructions
obtained at the output of the diffractive network, which reveal

Figure 2. Performance of all-optical hologram reconstruction using a diffractive network for handwritten digits and letters from the English
alphabet (a) as well as fashion products (b). In both (a) and (b), the first two rows depict the target object amplitudes and the corresponding
recorded inline holograms, respectively. The axial distance between the object and the recording plane is assumed to be 30λ. The reconstructed
object intensities by free-space propagation are shown in row 3, whereas those by the designed diffractive network are shown in row 4.
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that twin-image related artifacts that normally appear in free-
space propagation of the input hologram are eliminated at the
observation/output plane of the diffractive network, as desired.
Also note that the images of the letters in the English alphabet
were not part of our training set, and therefore, the success in
the all-optical reconstruction of “UCLA” text from its
hologram (see Figure 2a) indicates that the trained diffractive
network is capable of generalizing to distributions different
from the distribution of the objects used during the training
phase.
To further demonstrate the generalization of the trained

diffractive network to grayscale and low contrast objects, we
blindly tested the performance of the same diffractive network
on objects selected from the test set of “Fashion-MNIST” data
set,36 the results of which are reported in Figure 2b. As is
evident from the figure, the diffractive network successfully
reconstructed these grayscale and lower contrast fashion
objects, despite the fact that these types of samples were not
presented to the diffractive network during its training. Various
spatial features and details that are lost in free-space
propagation of the input holograms are preserved in the

reconstructions of the trained diffractive network, as illustrated
in Figure 2b.
Apart from successful generalization to object distributions

very different from its training images (e.g., fashion products vs
handwritten digits), diffractive network-based hologram
reconstructions are also invariant to object scaling; as shown
in the Supporting Information, Figure S2, the diffractive
network’s hologram reconstructions remain successful under
scaling (expansion or shrinkage) of the objects beyond their
typical size used during the training. Furthermore, the
diffractive network also exhibits invariance to angular rotations
of the recorded holograms during the reconstruction phase and
can successfully reconstruct randomly rotated holograms, as
shown in the Supporting Information, Figure S3.
Next, we explored through numerical simulations the

capability of the same diffractive network to all-optically
reconstruct and resolve closely spaced objects, composed of
two parallel lines with gradually increasing separation; see
Figure 3. For line separations that are equal to or larger than λ,
the diffractive network succeeded in reconstructing the inline
holograms of these test objects and faithfully resolved the two
lines from each other, as shown in Figure 3. Also, notice that

Figure 3. Quantification of all-optical holographic image reconstruction resolution. The edge-to-edge separation refers to the separation from the
inner edge of one line to the inner edge of the other. Intensity variations along the red lines are shown on the accompanying blue curves.
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for line separations that are larger than 3.5λ, the free-space
propagation of the input holograms presents stronger
spurious/artificial drops around the center of the lines due
to the strong twin-image artifacts; this causes the appearance of
artificial lines that are comparable to the signal strength of the
true object lines. Such spatial artifacts due to twin-images have
been successfully suppressed at the output plane of the
diffractive network, as shown in Figure 3.
In addition to all-optical reconstruction of inline holograms

and the removal of twin-image artifacts, the presented
diffractive network-based holographic image reconstruction
framework can provide further advantages such as being more
robust to uncontrolled changes in z0, covering an extended
depth-of-field in the hologram recording distance. To
demonstrate this, we numerically explored the performance
of all-optical reconstructions achieved by the same diffractive
network design shown in Figure 1b when the hologram
recording distance z0 = 30λ was changed from its nominal
value, covering an axial range of z0 = 24λ:36λ; see Figure 4. In
this case, however, the diffractive network did not know the

exact hologram recording distance that was used and therefore
its design did not change compared to earlier results so that we
could truly test the robustness of its all-optical reconstructions
against changes in the hologram recording distance. To
quantify the all-optical image reconstruction performance
under this change, we used 10000 test images of the MNIST
dataset to calculate the structural similarity index measure
(SSIM) and the peak signal-to-noise ratio (PSNR) values for
the reconstructed images at the diffractive network’s output, as
shown in Figure 4a. Figure 4b also presents numerical
simulations for visual comparison of the resulting all-optical
reconstructions for different hologram recording distances,
revealing the robustness of the diffractive network’s recon-
structions even though the hologram recording distance was
significantly changed (±20%) from its nominal value which
was used during the training of the diffractive network.
In fact, the all-optical hologram reconstruction performance

of the diffractive network design can be further improved by
incorporating the extended depth-of-field in hologram record-
ing distance during its training process so that the hologram

Figure 4. Robustness of all-optical diffractive network reconstructions against the hologram recording distance variations. (a) Quantitative
comparison of the robustness of the diffractive network reconstructions and free-space propagation-based reconstructions to deviations in the
hologram recording axial distance. SSIM and PSNR of the diffractive network results remain acceptable over a wide range of hologram recording
distance variations. This robustness can be further improved by incorporating such random deviations in the training phase, as illustrated by the
curves corresponding to δtr = 0.2. These metrics (SSIM and PSNR) were computed over the 10000 test images of MNIST dataset. (b) Visual
comparison of the reconstructed images.
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reconstruction at the output plane becomes even less sensitive
to the exact value of the recording distance. To demonstrate
this capability, we trained another diffractive network from
scratch, where the hologram recording distance during the
training process was treated as a random variable, ztrain ∼
Uniform((1 − δtr)z0, (1 + δtr)z0), where δtr = 0.2 was used (see
Methods for details). The numerical simulation results
presented in Figure 4a reveal that the resulting new diffractive
network design based on this training strategy achieves an all-
optical reconstruction of input holograms with relatively flat
SSIM and PSNR curves, demonstrating its inference success
over a large range of hologram recording distances. Figure 4b
also supports the same conclusion by reporting the

reconstructed holographic images at the output plane of the
diffractive network for δtr = 0.2.
A practical consideration for the use of this presented all-

optical hologram reconstruction approach would be the
diffraction efficiency of the optical design. The average
diffraction efficiencies of the diffractive networks trained with
δtr = 0 and δtr = 0.2 are found to be ∼0.31% and ∼0.58%,
respectively, whereas the average diffraction efficiency for free-
space propagation-based reconstruction is ∼8.61%. Here, the
diffraction efficiency is defined as the ratio of the power at the
output reconstruction field-of-view to the input power
illuminating the hologram area; the above-reported average
diffraction efficiency values were calculated over 10000 test

Figure 5. Diffraction efficiency improvement of all-optical holographic reconstructions performed by diffractive networks. (a) Examples of all-
optical holographic reconstructions by a high-efficiency diffractive network (with training hyperparameters: δtr = 0.2, η = 0.5). For each panel in (a)
corresponding to a recording δz; left: hologram, center: free-space propagation-based reconstruction, right: diffractive network reconstruction. (b)
SSIM vs diffraction efficiency trade-off achieved by tuning η in the loss function. The two numbers below the reconstructed images correspond to
the SSIM and the diffraction efficiency of each reconstruction.
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images of the MNIST dataset. In Figure 5 we numerically show
that the diffraction efficiency of the hologram reconstruction
diffractive network can be significantly improved by adding an
efficiency-related penalty term in the training loss function (see
Methods). By properly adjusting the relative weight (η) of this
additional loss term to 0.5, a diffractive network with an output
diffraction efficiency of ∼23.64% was designed; its all-optical
reconstruction performance is reported in Figure 5a.
Furthermore, Figure 5b shows the trade-off between diffraction
efficiency and SSIM that can be achieved by changing η. For
example, by further increasing η to 3.0, a hologram
reconstruction diffractive network with an average diffraction
efficiency of ∼26.2% can be designed with a minor sacrifice in
the image reconstruction quality. Note that the optical power
diffracted beyond the input aperture of a diffractive layer is
blocked by opaque regions that surround each diffractive layer,
and these blocking regions also account for the reduced output
diffraction efficiency. For further clarification, the numerical
aperture of a diffractive layer in our design is ∼0.8,
corresponding to a diffraction cone half angle of ∼53°; only
the optical power that is diffracted within this diffraction cone
can be accepted and processed by the following diffractive
layer.

■ DISCUSSION

Unlike traditional phase recovery and twin-image elimination
methods that are based on algorithms implemented in digital
computers, this work introduces a passive all-optical processor
composed of deep learning-designed diffractive layers that can
collectively reconstruct a hologram at its output plane without
any digital computation or an external power source, except for
the illumination light. In addition to its passive nature, the
hologram reconstruction process occurs almost instantane-
ously, that is, at the speed of light propagation through a
compact diffractive network that extends only ∼225λ in the
axial direction (from the input plane to the output).
Despite its major advantages, there are also some limitations

of the presented framework. If the hologram recording distance
changes drastically compared to the training z0 value, we might
need to fabricate a new set of diffractive layers trained by using
the new hologram recording distance. However, our results in
Figure 4 confirmed that the all-optical reconstruction quality of
a diffractive network remains very good over a relatively broad
range of hologram recording distances, even though the
network was trained with a fixed z0 value; in fact, this depth
range can be further improved by increasing δtr in the training
process. Another limitation of the presented method is the
required 3D alignment and fabrication precision of the
diffractive layers. Previous work37,38 on diffractive networks
for all-optical image classification related tasks revealed that
one can vaccinate the diffractive network design and make it
more robust in its statistical inference accuracy by incorporat-
ing potential misalignments, fabrication imperfections and
input object distortions as part of the optical forward model as
random variables, similar to the strategy that we used earlier
for extending the range of hologram recording distances.
Furthermore, the performance of diffractive network-based
hologram reconstructions with respect to other practical
parameters such as, for example, output diffraction efficiency
can be fine-tuned and optimized by adjusting the training loss
function, as illustrated in Figure 5, presenting a powerful
design flexibility.

Although our results report the reconstruction of only the
object intensity, the presented training process can also be
adapted for the reconstruction of the complex field of an object
by properly adjusting the training loss function to include
terms related to the phase and amplitude of the sample.
Similarly, an extension of the presented framework to 3D
holographic image reconstruction could be possible through
proper changes to the loss function; such a training process for
3D imaging would be computationally more intensive since
structural errors from different planes of the reconstruction
volume would have to be back-propagated through the
diffractive network.
For practical adoption of this framework and its

experimental uses, the resolution and precision of the
fabrication method that is employed to create the diffractive
layers are important. State-of-the-art additive nanomanufactur-
ing technologies39 could facilitate the realization of diffractive
networks for operation in the visible and infrared wavelengths.
In our simulations, the diffractive feature/neuron size was
taken as λ/2, where λ is the illumination wavelength. With this
selection of neuron size, all the propagating modes in free-
space are taken into account, making our forward model
accurate, except for multiple reflections between/within the
diffractive layers that are ignored. In earlier work that
experimentally demonstrated various diffractive networks
designed for different tasks,26,27,31,32 the strong agreement
between our numerical forward model predictions and the
experimental results indicates that such secondary reflections
are indeed much weaker compared to the directly transmitted,
diffracting light and therefore can be ignored without
introducing a significant error in our image reconstruction or
inference task. Along with the spatial resolution and precision
of the used fabrication method, the performance of diffractive
networks would also be affected by potential misalignments
during the assembly of the diffractive layers. Earlier work
introduced various “vaccination” strategies to design misalign-
ment tolerant diffractive networks that incorporate stochastic
lateral and axial misalignments of successive layers as part of
the training process to build resilience toward such
imperfections, while maintaining the desired inference
performance at the network output.37,38

In general, the range of object sizes supported by the
presented all-optical hologram reconstruction framework is
directly related to the diffractive layer size, which in turn is
limited by the available fabrication technology. Different
lithography methods and additive manufacturing techni-
ques39−42 can be used to fabricate diffractive layers for all-
optical processing/reconstruction of, for example, microscopic
objects that cover a field-of-view of ≥1 mm2. To compare the
speed of all-optical hologram reconstruction with state-of-the-
art digital hologram reconstruction methods, an inference time
of, for example, >3 s was reported for holographic
reconstruction of microscopic objects (e.g., cells and tissue
samples) over a field-of-view of ∼1 mm2 using a deep neural
network running on a graphics processing unit (NVIDIA GTX
1080);13 in comparison, the time required for all-optical
reconstruction of a hologram using light propagation through a
diffractive network that extends ∼225λ in the axial direction
would be on the order of <1 ps.
In conclusion, we introduced a framework for a passive all-

optical processor designed using deep learning that is capable
of instantaneously reconstructing artifact-free images of
unknown objects from their inline holograms, without any
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digital computation. This all-optical computing framework that
is composed of successive transmissive diffractive layers
generalizes very well to unseen objects, and exhibits image
quality, depth-of-field and diffraction efficiency advantages
compared to free-space propagation of a recorded hologram.
This all-optical processor and the underlying deep learning-
based design framework can find numerous applications in
holographic imaging and display applications due to its
reconstruction speed (driven by the propagation of light)
and passive nature (operating without the need for a digital
computer or an external power source, except for the
illumination light).

■ METHODS

Numerical Model of Diffractive Networks. In develop-
ing the mathematical model of a diffractive network, we index
the transverse planes of the system by the letter l. For a
diffractive network with N diffractive layers between the input
and the output planes, l = 0, 1, 2, ..., N, N + 1, where l = 0
represents the input hologram plane and l = N + 1 represents
the output (image reconstruction) plane. Furthermore, we
denote the complex amplitude of the optical wave before and
after the optical modulation imposed by element/pixel m of a
diffractive layer l by um

l and vm
l , respectively. To clarify, we use u

to denote the field before modulation and v to denote the field
after modulation by a diffractive layer, while the index in the
superscript is used to represent the corresponding diffractive
layer and the subscript represents the individual diffractive
features of that layer. Then, following the Rayleigh−
Sommerfeld formulation of diffraction,43 we can write
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Here λ is the wavelength of the optical wave; zl is the axial
distance between layers l − 1 and l; (xm, ym) and (xk, yk) are
the transverse coordinates of feature m of layer l − 1 and
feature k of layer l, respectively; v0 and uL+1 are the optical
fields at the input and the output fields-of-view of the
diffractive network, respectively.
If the complex-valued transmittance of pixel k of layer l is

denoted with tk
l , then assuming the diffractive layers to be thin,

we can write vk
l = uk

l ·tk
l , which can be rewritten as
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Equation 1 resembles a feedforward neural network, where wkm
l

and tk
l are the analogues of weights and (multiplicative) biases,

respectively. Note that we use the terms diffractive feature and
neuron interchangeably in the context of diffractive networks.
The multiplicative biases tk

l of the neurons are trainable since
they are determined by the physical parameters of the
diffractive surfaces. For example, for thin diffractive layers,
the phase φk

l of the complex transmittance tk
l of a diffractive

layer neuron is related to its height hk
l by the equation

φ = π
λ
−

k
l n h2 ( 1) k

l

, where n is the refractive index of the diffractive

layer material (which is surrounded by air).
Given a training dataset of input-target pairs (x, y) specific to

a desired task, the input x can be mapped to the diffractive
network input optical field v0, whereas the diffractive network
output optical field uL+1 is mapped to ŷ, an estimate of the
target y. The amplitude and/or the phase of the complex
amplitude transmittance values tk

l can be optimized by
minimizing an error function between the target and the
estimate, that is, L(y, ŷ), which is achieved using standard deep
learning techniques such as stochastic gradient descent and
error backpropagation.

Network Architecture. The hyperparameters related to
the diffractive network architecture were set empirically. All the
reported diffractive networks have five phase-only modulation/
diffractive layers, and the transverse dimensions of the layers
are 100λ × 100λ. The pixel/neuron size is set as 0.5λ × 0.5λ,
and the number of trainable parameters (phase values) in each
diffractive network was 5 × 200 × 200 = 0.2 million. The axial/
longitudinal distance between the layers is set as 37.5λ. The
input and output planes of the diffractive network were also
assumed to be 37.5λ away from the first and the last layers,
respectively.
In computing the holograms, the object aperture (transverse

dimension) was assumed to be 25λ × 25λ, and the recording
plane was assumed to be 30λ away from the object plane. The
lateral extent of the recorded holograms was limited to 42λ ×
42λ. All the simulations for this work were done at λ = 600 nm.
The results, however, are invariant to the wavelength given that
all the dimensions are scaled proportional to λ.

Training. For training diffractive networks to all-optically
perform holographic reconstruction, we computed the inline
holograms corresponding to the training objects by numeri-
cally simulating the propagation of a plane wave scattered by
the object from the object plane to the hologram recording
plane. Assuming that the hologram amplitude transmittance is
proportional to the recorded intensity, the amplitude of the
input optical field v0 was set to the normalized hologram
intensity. The reconstructed object pattern was defined as the
intensity of the output optical field uL+1, i.e., ŷ = |uL+1|2. We
defined the training loss function (to be minimized) as
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Here, y refers to the target (object image) and F{·} denotes the
Fourier transform operation, Pillum is the power of the wave
illuminating the hologram, and Pout is the power over the
region of interest (i.e., the reconstruction field-of-view) at the
output plane. The coefficient η of the diffraction efficiency-
related loss term (Lefficiency) is a training hyperparameter which
can be used to control the diffraction efficiency of the resulting
optical network (see Figure 5). We used Adam optimization
algorithm for minimizing the loss function.44
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For designing the extended depth-of-field diffractive net-
works, we treated the distance between the object and the
hologram recording plane during the training phase as a
random variable ztrain, drawn from a uniform distribution
centered around the nominal recording distance z0, that is, ztrain
∼ Uniform((1 − δtr)z0, (1 + δtr)z0), where δtr quantifies the
width of the distribution. During blind testing phase, we
defined δz = ztest − z0 to be the deviation of the recording
distance from the nominal distance.
For training the diffractive models, we used the MNIST

handwritten digit dataset, augmented with an additional
custom-built image dataset of generic shapes, for example,
patches, circles, gratings, and so on. A few examples of the
images from this custom-built set can be found in Supporting
Information, Figure S1. The number of images in the training
dataset was 110000 (55000 from the MNIST training set and
55000 from the custom prepared image dataset). None of the
images used for evaluating the model performances reported in
this work were in the training dataset.
The models were implemented and trained using Tensor-

Flow.45 The Rayleigh−Sommerfeld diffraction integral was
computed using the Angular Spectrum method.43 We used the
native TensorFlow implementation of Adam optimization
algorithm with the default hyperparameter values, that is, 0.001
for the learning rate, and 0.9 and 0.999 for the exponential
decay rates for the first and the second moments of the
gradients, respectively. The models were trained for 50 epochs
with a mini-batch size of 4. The training of a model typically
took ∼8 h on a GTX 1080 Ti GPU (Nvidia Inc.) on a machine
running Windows 10 operating system (Microsoft Inc.).
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