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Abstract: The ability to train ever-larger neural networks
brings artificial intelligence to the forefront of scientific and
technical discoveries. However, their exponentially increas-
ing size creates a proportionally greater demand for energy
and computational hardware. Incorporating complex phys-
ical events in networks as fixed, efficient computation mod-
ules can address this demand by decreasing the complex-
ity of trainable layers. Here, we utilize ultrashort pulse
propagation in multimode fibers, which perform large-scale
nonlinear transformations, for this purpose. Training the
hybrid architecture is achieved through a neural model
that differentiably approximates the optical system. The
training algorithm updates the neural simulator and back-
propagates the error signal over this proxy to optimize
layers preceding the optical one. Our experimental results
achieve state-of-the-art image classification accuracies and
simulation fidelity. Moreover, the framework demonstrates
exceptional resistance to experimental drifts. By integrat-
ing low-energy physical systems into neural networks, this
approach enables scalable, energy-efficient AI models with
significantly reduced computational demands.
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1 Introduction

Modern artificial intelligence (AI) models are currently
driving a transformation across a wide variety of fields
including science, industry, healthcare, and education with
their unprecedented ability to learn an immense scale of
information and solve complex problems. These capabil-
ities have been mainly enabled by two key factors: algo-
rithmic breakthroughs in training neural networks with
increasingly larger numbers of parameters and datasets,
and the advent of massively parallelized digital hardware
to execute these algorithms. So far, employing larger neu-
ral networks constantly provided higher AI accuracies in
various tasks such as language or image processing, given
correspondingly large training sets [1]. The observation of
this trend has also led to state-of-the-models with exponen-
tially larger number of parameters, nearly doubling every
year [2]. However, this rapid increase in model sizes, cou-
pled with the broader adoption of Al, has created a com-
pounding effect, doubling this technology’s overall energy
consumption every 100 days [3] and resulting in a cor-
respondingly larger environmental impact due to carbon
emissions [4].

A promising approach to performing complex tasks
without increasing the number of trainable parameters is
the addition of random features, where a subset of weights
israndomly assigned instead of trained [5], [6]. The effective-
ness of this method has been demonstrated within architec-
tures such as deep convolutional networks [7], transform-
ers [8], [9], and graph neural networks [10]. Despite their
potential, random features are not universally integrated
into modern neural networks, because they still require sig-
nificant computation contributing to energy consumption
and latency on conventional hardware. To address this chal-
lenge, low-power, high-speed, and high-dimensional phys-
ical systems offer a promising alternative for efficiently
generating large numbers of fixed weights [11]-[14]. While
fixed physical layers can be used as initial preprocessing in
a straightforward manner by training the following digital
layers conventionally, adding programmable layers before
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the physical layer is more challenging, especially for highly
complex, nonlinear systems. One such complex system is
the propagation of pulses in MMFs, where tight confinement
of light over long distances can create nonlinear modal
couplings with low power in addition to the linear transfor-
mation due to propagation [15], [16]. Backpropagation-free
methods, such as genetic algorithms [17], surrogate opti-
mization [18], and local learning [19], have shown promise
in significantly reducing parameter counts while achieving
competitive accuracy by treating optical systems as fixed
black boxes. Nevertheless, further research is needed to
scale these approaches for more demanding applications
requiring large number of parameters.

On the other hand, to be able to use the error back-
propagation algorithm, which successfully trains today’s Al
models reaching trillions of weights, accurate knowledge
of each layer’s analytical representation is required, yet
this is challenging to achieve with complex physical lay-
ers, as shown in Figure 1(a). Instead, approximating their
functionality with neural networks trained with examples
from the physical system allowed different applications
with intricate optical systems including telecommunica-
tion [20], femtosecond laser inscription [21], image acqui-
sition [22], and projection [23] alongside training physical
Al models [13].

Even if a model can predict the behavior of a sub-
set of all possible samples, it is highly challenging to fully
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generalize efficient approximators to high-dimensional
nonlinear systems such as pulse propagation in multimode
fibers. Moreover as in many analog information processing
systems [24], [25] drift and instabilities in the compute char-
acteristics is eventually unavoidable in MMF-based systems
as well, while methods such as temperature and mechanical
stabilization [26] and wavefront shaping [27] are shown to
alleviate these issues.

Here, we demonstrate an approach that can introduce
nonlinear optical layers to neural networks in a scalable
manner and can train them effectively while being resis-
tant to the deteriorating effects mentioned. To achieve this
goal, we synergistically update a digital twin of the optical
system throughout the training process and approximate
the Jacobian matrix of the system, which holds the partial
derivatives between its output and input channels. This way,
the layers preceding the physical ones can receive feedback
on the effect of their weights on the output and can be
updated, as indicated in Figure 1(b). Approximation of the
gradients over the physical layers allows for the utilization
of them in multiple locations, creating large-scale networks
with only a small portion of the weights trainable and digital
as in Figure 1(c), while the forward process can fully benefit
from the optical weights without any additional digital oper-
ations during the inference phase. Our experimental results,
obtained with a combination of digital and physical layers
in the 3-layer system shown in Figure 2(a), quantitatively
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Figure 1: The information flow during conventional training of neural networks, and training scheme with physical layers. (a) In fully digital neural
networks, an analytical model of the functionality of each layer is precisely known and their derivatives are used in the calculation of the updates

to the weights to minimize error. (b) Physical layers can be included in the forward computation in neural networks while their digital twin serves as
a differentiable function to replace them in the backpropagation step. The data acquired in the forward pass serve as training dataset that constantly
refines the digital twin. (c) Gradient approximation with the digital twin allows for large scale hybrid networks containing physical layers in different
locations.
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Figure 2: The architecture, algorithm, and outcomes of training of a neural network with a physical layer. (a) The data flow in the network through
digital and physical layers both in forward and error backpropagation steps. The physical layer consists of an optical system based on the propagation
of spatially modulated ultrashort pulses in a multimode fiber. (b) The progress of test accuracy over training epochs for different learning structures
on Fashion-MNIST dataset. (c) The mean absolute error (MAE) between Optical Layer Twin (OLT) predictions and experimentally obtained intensity
patterns for image in the test set for different training procedures. (d) Some intensity distribution samples from OLT, experimental system, and their

absolute differences for the same input images.

demonstrate the effectiveness of the method for AI tasks

in terms of accuracy, resistance to drifts, and simulation
fidelity.

2 Methods and results

2.1 Guiding model training with the Optical
Layer Twin

Our approach leverages a digital twin, named Optical Layer
Twin (OLT), to approximate the physical response of prop-
agation through the MME, a high-dimensional nonlinear

system. The propagation of spatially phase-modulated ultra-
short pulses (10 ps long at 1,030 nm with 125 kHz repeti-
tion rate, 12.6 mW fiber-coupled average power, generated
by Amplitude Laser, Satsuma) in a multimode fiber (OFS,
bend-insensitive OM2, 50 pm core diameter, 0.20 NA, 5m
long) constitutes the physical event in the optical system.
As shown in Figure 2(a), the input information enters the
system as a 2-dimensional phase distribution on the spa-
tial light modulator (SLM) (Meadowlark HSP1920), which
determines the modes coupled into the fiber. The propa-
gation of the modulated beam through the silica core of
the fiber induces spatiotemporal nonlinearities due to y®
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light-matter interactions such as cross-phase modulation
and four wave mixing, remapping the initial field distribu-
tion to a completely different pattern, which is measured
finally on a camera. Optical power coupled to the MMF is
selected to be the optimal level for obtaining rich nonlinear-
ities without impairing the performance with beam clean-
up effects as previously established in the literature [18].
Appendix Note 1 explains further these nonlinear propaga-
tion dynamics. The fiber actuator can change the physical
conformation of the fiber controllably and can serve as a
source of reproducible perturbation of the physical system.
Before reaching the camera, a diffraction grating disperses
the beam spatially separating its wavelength components.
This enriches the transformation between the input phase
and the output intensity patterns by distributing the spectral
effects to camera pixels.

The physical system provides a large set of nonlinear
connections to the overall neural network model, which
can learn to tackle various machine learning problems
through trainable initial and final layers. In the demon-
stration shown in Figure 2, the initial preprocessing layer
is a single convolutional layer, while the final classifier is
a fully connected layer. During training, OLT accompanies
the forward computation path of the model, including the
physical system, by approximating the physical response
with a multilayer neural network, which is a differentiable
function for the error signal’s backward propagation. OLT
itselfis a standalone neural network that predicts the output
intensity distribution of the physical system given the phase
modulation pattern on the SLM. Since incorporating the OLT
into the training loop enables updating the weights of the
layers preceding the physical model with gradients from
the downstream task, it does not add any extra overhead to
the forward information flow in the model. Consequently,
the computational complexity of inference operations after
training remains unchanged. Furthermore, the OLT is con-
tinuously updated with experimental data generated during
operation to achieve the highest approximation fidelity. We
refer to this mode of operation as “Online Learning” in this
paper and compare it with an approach where the OLT is
preconfigured and kept fixed throughout training, termed
“Offline Learning.” In Figure 2(a), the operations shown
with solid lines take place in both approaches, whereas
online learning also applies update steps indicated with
dashed lines. The average gradient of the loss across all sam-
ples in a batch determines the weight update direction and
magnitude. Due to the limited memory space on the GPU,
the batch size is selected to be 15. This value also provides
a balanced trade-off between generalization performance
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and computation time. The details of these training algo-
rithms are provided in Appendix Note 2.

In scenarios where the preprocessing layers are more
complex and its weights significantly alter the input data
sent to the physical system, online learning becomes
increasingly crucial. This is because a fixed OLT, trained on
a limited or specific dataset, may fail to generalize to new
input distributions introduced by updated preprocessing
weights. The wide gap between the dataset used to train
the OLT and the new, altered input samples it processes
later can reduce the fidelity of the OLT, leading to imprecise
updates to the upstream layers in training.

We compared computational performances of the two
learning algorithms on a subset of Fashion-MNIST dataset
[28] with only 1,500 training samples, also including a
simpler approach that processes raw data directly with
the physical system and classifies its outputs without any
preprocessing. As shown in Figure 2(b), adding a prepro-
cessing layer and training with offline learning improves
the classification accuracy on 500 test samples from 75 %
to 77 %. When the training algorithm keeps updating the
OLT throughout training, a better performing preproces-
sor brings the accuracy to 80 %. Thus, the task accuracy
improves 5 % compared to the case without any preprocess-
ing, which can be considered a photonic extreme learning
machine, a fixed and large-scale nonlinear transform fol-
lowing a single linear trainable layer [29]. Furthermore, the
presented approach yields approximately the same perfor-
mance with feedforward diffractive networks, while being
trained on a significantly smaller portion of the dataset, and
using about 16 thousand weights compared to 400 thousand
in the diffractive case [30].

The fidelity of OLT to the actual experiment, visualized
in Figure 2(c), explains the obtained accuracy levels. With-
out a preprocessing layer, MAE increases slightly, about 10 %
over the course of 40 epochs taking approximately 2 h. This
increase stems directly from slow drifts in the experimental
system over time, since the raw experimental output data
and the predictions of the pretrained and fixed OLT are
utilized to calculate it. In the offline learning experiment,
the error level rises rapidly during the initial epochs, as
changes in the preprocessing layer alter the distribution of
inputs to the physical system, which the fixed OLT cannot
accommodate, and MAE reaches nearly 10~1. Here, epoch
means one pass over the entire dataset during training. In
contrast, with online learning, the OLT tracks these distribu-
tional changes, ultimately achieving high precision in pre-
dicting experimental outputs. The precision level reaches a
normalized MAE 0f1.03 X 102, meaning that signal-to-noise
(SNR) ratio of the OLT predictions is 96.8. The examples in
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Figure 2(d), taken from the final epoch of the online train-
ing procedure, demonstrate the effectiveness of the OLT,
with nearly visually identical speckle patterns between the
experimental outputs and the blind predictions of the neu-
ral simulator. Remarkably, the OLT achieves these accurate
predictions with a latency of 30 ms, while an analytical
simulation of the wave propagation dynamics, using the
multimode nonlinear Schrodinger equation for the same
fiber, would take approximately 500 s on a GPU, even when
limited to only 15 of the fiber’s 240 modes [31].
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2.2 Effects of OLT architecture on modeling
fidelity and computational costs

Capturing the complex dynamics of multimode nonlinear
fiber optics with a neural network requires a large-scale,
deep architecture. In this study, the mapping to be learned
is from the two-dimensional input phase distribution on the
SLM to the two-dimensional output intensity on the camera.
A convolutional U-Net [32] architecture is particularly well-
suited for this image-to-image translation task. It employs
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Figure 3: Architecture of the OLT and its scaling behavior under various hyperparameter configurations. (a) Network structure of the OLT, based on
the U-Net architecture. The layers forming the downscaling (orange) and upscaling (blue) blocks, along with their dimensionalities, are shown.

(b) Impact of the number of convolutional filters on structural similarity index (SSIM), total model parameters, and inference time per sample. (c) Effect
of varying the number of downscaling and upscaling layers, which defines the model depth, on the same metrics. (d) Influence of convolutional kernel

sizes on SSIM, model parameters, and inference time.
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encoding blocks to downscale and extract features into a
latent space, and decoding blocks to reconstruct the desired
output from these latent features through upscaling, as visu-
alized in Figure 3(a).

Optimizing the scale of this architecture for the task
at hand requires careful analysis, as a smaller or dispro-
portionate network might not be able to fully capture the
underlying dynamics, while an overly complicated struc-
ture might tend to overfit or require excessive amount of
compute resources. Using the dataset of inputs and outputs
to the optical system, we trained different OLT architectures
by varying the depth, defined by the number of encod-
ing and decoding blocks and denoted as “D” in Figure 3.
The improvement in the structural similarity index (SSIM)
between OLT predictions and optical measurements, as
shown in Figure 3(c), highlights the clear benefit of deeper
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architectures. A higher SSIM means a better prediction
fidelity of experimental results, corresponding to lower
MAE and resulting in a more precise gradient estimation by
the OLT.

However, for architectures with 4 down- and up-
sampling blocks, increasing the number of convolutional
filters per block, denoted as “F” above 16 creates signifi-
cantly larger models and, more critically, longer inference
times, without improving the accuracy, as demonstrated in
Figure 3(b). Similarly, while increasing the size of convolu-
tional kernels, shown as “S,” up to 16 X 16 improves accuracy,
larger kernel sizes do not yield further gains, despite result-
ing in a much larger architecture as plotted in Figure 3(d).
Under the light of these findings, we identified the ideal
OLT architecture for the given optical system as a U-Net
that accepts and generates 128 X 128 pixels images with
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Figure 4: The method for applying dynamic perturbations to a multimode fiber based optical system, their effects on the output statistics, and
accuracy of the overall network. (a) A mechanical actuator is added to bend the MMF in the setup shown in Figure 2(a), introducing dynamic
perturbations. The effects are observed through changes in output speckles at each epoch for the same input pattern. (b) Comparison of the dataset’s
outputs in the first epoch versus subsequent epochs, quantified using the average MAE at different actuator variation rates. (c) Dependency of final
test accuracies on the perturbation rate, shown for offline and online learning schemes.
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4 encoding and decoding blocks, starting with 16 convolu-
tional kernels of 16 X 16 parameters.

2.3 Learning and computing with a physical
system under dynamic perturbation

As in various analog information processing systems, grad-
ual small changes in the working characteristics of opti-
cal physical layers can accumulate and significantly impact
final predictions. To investigate these effects and their
impact on the neural network performance in an acceler-
ated manner, a mechanical actuator is incorporated into
the optical system shown in Figure 2(a). The mechanical
actuator (Thorlabs MPC320), originally designed to create
stress-induced birefringence in single-mode fibers, rotates a
small portion of the MMF with respect to the rest, inducing
controllable perturbations to linear mode couplings. The
changes in output speckle shapes observed in Figure 4(a)
result from these differences in mode couplings.

Rotating the actuator by a set number of steps, each
corresponding to 0.12°, at the beginning of every epoch
allows quantitative analysis of its effect on the dataset’s
representation at the optical system’s output, as shown in
Figure 4(b). This analysis demonstrates that, without actu-
ator movement, the system’s characteristics remain stable
in the experiment’s timeframe. In contrast, induced per-
turbations increase the differences in speckle distributions
linearly at smaller rates and before saturating at higher
levels.

When these varying rates of externally induced pertur-
bation are applied to the physical layer during the training,
the online training method provides larger final accuracy
advantages with faster drifts. Results in Figure 4(c) indicate
this advantage to reach 39 % final accuracy improvement.
Also, even without any active rotation, this experiment
yields lower task accuracies compared to the experiment
without the actuator in Figure 2(a). This reduction is due
to high-order mode filtering caused by the tight winding
of the MMF on the actuator, which has a bending diame-
ter of 18 mm. This well-known effect induces higher losses
for higher-order modes and couples them out of the fiber,
observed with bending diameters starting from 40 mm [33].
The reduced task accuracy with fewer effective modes in the
fiber underscores the importance of high dimensionality in
physical layers.

3 Conclusions

In this study, we studied an MMF-based optical system
as a prototype for integrating complex, nonlinear physical
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phenomena as fixed layers into neural networks. To enable
the training of such networks using the error backpropaga-
tion algorithm, which facilitated the artificial intelligence
models to reach their current immense scales, a method
for estimating the derivatives of the physical layer’s out-
puts is required. This becomes crucial when the underly-
ing physical relations are intractably complex for analytical
computation.

Our approach employs an image-to-image translating
neural network to model the dynamics of the optical sys-
tem. This differentiable neural network approximates the
system’s outputs and also enables the calculation of gra-
dients required for backpropagation. Through extensive
exploration of hyperparameter configurations, we iden-
tify that a neural network with 70 million parameters,
achieving an inference time of 30 ms on an NVIDIA RTX
3070 Ti GPU, provides the optimal trade-off between preci-
sion and computational cost, attaining an SNR of approx-
imately 100. Furthermore, by continuously updating this
proxy model, the method ensures accurate gradient pre-
dictions throughout the training procedure. Continuous
updates to the model are particularly necessary when the
distribution of inputs to the physical system shifts due
to the weight updates in preceding layers. Figure 5 illus-
trates the evolution of the optical system’s and the OLT
outputs over the training process. Notably, if the OLT is
trained exclusively on raw sample inputs, changes in the
input distribution can lead to reduced prediction accu-
racy. However, online learning effectively mitigates this
issue, maintaining accuracy under evolving input distribu-
tions. While training with random inputs and their opti-
cal outputs can enhance the OLT’s coverage, it reduces
precision in specific subspaces due to the model’s finite
capacity.

Environmental and device-related factors can induce
subtle changes in the transformation characteristics of
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Figure 5: The visualization of the changes in the optical system’s
and OLT outputs during the training process due to the updates
to the preprocessing layers.
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analog systems. To investigate these effects, we artifi-
cially accelerated the system’s drifts by incorporating
a mechanical stage into the optical system, simulating
systematic perturbations. Our findings reveal that while
increased perturbations degrade neural network classifica-
tion accuracy, updating the neural surrogate significantly
mitigates this impact, improving task accuracy by nearly
40 %.

This study demonstrates the symbiosis of a very large-
scale optical and smaller scale digital layers in a neural
network. Since the employed training algorithm, error back-
propagation, has a strong track record in scaling up learning
systems, the proposed approach paves the way for compet-
itive, physics-assisted AI models with minimal digital com-
putation needs in inference, which generally consumes the
vast majority of energy and time within the lifetime of a
conventional model. Depending on the variation rate of the
utilized physical mechanism, the weights can be updated
once in many inference operations, such that the overhead
due to the OLT is negligible and the overall model keeps
optimal performance constantly. Moreover, for more com-
plex tasks such as language or image generation, deeper
architectures with multiple physical layers stacked in width
and depth can be constructed using the principles outlined
here.

We utilized optoelectronic devices to bridge physical
layers with the digital domain and incorporate into neu-
ral networks, although physical interactions in optical data
links, such as those in MMFs, are readily available and often
treated as errors to be corrected. The proposed approach
can reposition them as computational units by modeling
these interactions with the OLT and incorporating them
into neural networks. This enables existing optical data
to be leveraged for computation, providing a pathway to
fewer digital parameters and enhance Al efficiency, offering
energy-efficient, low-latency workflows for environments
like data centers.
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Appendix

Appendix Note 1: Nonlinear multimode
fiber propagation

For an ideal fiber with a perfectly homogenous distribution
of refractive index, light coupled to any mode propagates
throughout on the same mode only with a phase change.
However, perturbations to the ideal refractive index distri-
bution and nonlinear propagation can cause the coupling
of light from one mode to the other. This coupling can bhe
formulized by using perturbation theory. The coupling coef-
ficient is related to the overlap integral of the permittivity
perturbation, Ae(x, y,z), and the coupled mode shapes,
E,(x,y), with a constant coefficient of p:

Cpn(2) = p/Ae(x,y,Z)E;(x,y)En(x,y)dxdy

In addition to the linear intermodal coupling due to
waveguide perturbation, which simply can be induced
by the bending of the fiber, nonlinear effects due to the
light—matter interaction inside the waveguide can be rep-
resented as a mode-coupling mechanism. In general, these
nonlinearities are represented as higher-order susceptibili-
ties of the material and can be grouped as either paramet-
ric or nonparametric [34]. Parametric nonlinear processes
do not change the quantum state of the material; hence,
they do not exchange energy with the material, and com-
pared to nonparametric processes, they occur instantly. One
of the most common optical parametric processes is the
Kerr effect, manifesting itself in events such as self-phase
modulation and cross-phase modulation, creating a phase
shift and spectrum change [35]. On the other hand, non-
parametric nonlinear optical processes create another set of
effects on the propagation of intense light such as stimulated
Raman and Brillouin scattering. In these events, the interac-
tion of photons with matter creates and destroys phonons,
changing photons’ energy and momentum. Thus, through
these processes, optical beams of different wavelengths are
generated and amplified.

These linear and nonlinear scattering events can be
concisely formulated as coupling between modes of a mul-
timode fiber. The following equation illustrates the evolu-
tion of each mode coefficient as it propagates through a
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multimode fiber by accounting for the effects of dispersion,
linear coupling due to bending and other refractive index

0A
azp = léﬂ(f’A —5,61 —p —l

2 dtz
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perturbations, and nonlinear coupling due to the Kerr effect
and Raman scattering [36].
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Here, y is the nonlinear coefficient, f; is the Raman
effect ratio in the nonlinear effect, hy(z) is the impulse
response of the Raman scattering process, and 7y,
is the nonlinear mode coupling tensor, containing the
amount of interaction for a set of 4 modes, and defined
as:

// dXdyEpElEmEn
|// dxdyE, [ dxdyE, /[ dxdyE, [f dxdyE,]"

np,l,m,n =

In our experiments, we observed the ideal computing
capabilities to occur at the level where maximum Kerr
nonlinearities happen while Raman scattering is still neg-
ligible, which occurs around 10 kW of pulse peak power,
as shown in Appendix Figure 1 [18]. For silica core, the
first Raman peak is expected to be around 1,080 nm for
the pump around 1,030 nm. The average fiber coupled
power of 12.6 mW in this study is selected to satisfy this
condition.
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Appendix Figure 1: Output spectra of the multimode fiber under
different pulse peak power levels, reused from [18].

Appendix Note 2: Online training algorithm

In this methodology, the forward pass involves processing
input x through a series of layers and functions: the pre-
processing layer ( fp), the optical system (f,;), the classifier
(f.), and the loss function (f;). The overall operation can
be expressed as: ( f; 0 f, © fos © f,)(x). During the backward
pass, the optical system (f,s) is replaced by its differentiable
proxy, the Optical Layer Twin ( f;;), enabling gradients to
flow back through the system.

V(fi0 £ fos0 f,) 00 & T, 00Tz, (f,00)"
xJy, (fos (£,00)) "V Ai(fefos (f,00)))-

After gradient of the loss function is calculated, train-
able layers are updated accordingly, for instance for the
preprocessor, the update amount, A6, is:

A0, ~ =1V (fio foo fos© fp)00.

As it is also evident in this notation, the OLT’s main
functionality is to allow approximation of the Jacobian of
the optical system such thatJ; = J . TensorFlow’s @cus-
tom_gradient decorator allows the forward and backward
computations to follow separate paths by using a single
function, with the gradient of the experiment’s output being
explicitly defined. A key consideration is the use of vector-
Jacobian products (V]JP) instead of full Jacobian matrices, as
the latter would be computationally prohibitive for high-
dimensional data. For example, if the experiment maps a
batch of 10 images of size 128 X 128 to equivalent outputs,
the Jacobian will contain (10.128.128)* ~ 1.7 x 101 elements.
With 32 bit floating-point precision, this would require
over 100 GB of memory, making it impractical for training.
Instead, the VJP computes the gradient efficiently by com-
bining the upstream gradient vector u with the output of the
OLT:
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custom_gradient(u) = vjp(u, forr) = Vu- forr
— T
=u ]fOLT'

At every step of training, the weights of the layers pre-
ceding and succeeding the optical layer (preprocessing and
classifier layers) are updated following this formalism. In
the “Online Learning” approach, each step also refines the
OLT by using the data obtained in the forward pass from
the experiment. For the same inputs, let’s call the output of
the optical system as y,; and the output of the OLT as y;,
then the loss function for the refinement step can be defined
as the squared error: Ly, = |Yos — yOLT|2. The derivative
of the loss function with respect to the parameters of the
OLT()Lprovides the update direction and amount: Afy;; =

refine

—HN5p 1 being the learning rate. This refinement step
OLT

closely matches the behavior of the OLT to the experimental
system, as the input distribution evolves due to updates in
the preprocessing layer and possible physical drifts. This
ensures high fidelity weight updates, reducing discrepan-
cies and stabilizing the training process.

The presented experimental results are obtained with
a preprocessing block of 6 linear convolutional layers of 1
kernel with 6 X 6 parameters, followed with a single sig-
moid nonlinearity, and a classifying layer flattening 40 X 40
images and predicting the output with 10 softmax neurons.
A stochastic gradient descent algorithm with 1073 learning
rate optimized the trainable parameters.
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