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Early optical computers were used to calculate linear operations 
such as Fourier transforms and correlations. They found appli-
cations in pattern recognition and synthetic aperture radar1,2; 

however, with the advent of modern very-large-scale integration 
technology and efficient algorithms, digital signal processing based 
on silicon circuits became so fast and parallel that the analog opti-
cal computation including the input and output electronic overhead 
became obsolete. Digital optical computing, which combined non-
linear optical switches3 with linear optical interconnections4 that 
replaced wires, was then intensely pursued in the 1980s. Optical 
interconnections can be advantageous in terms of power consump-
tion5; however, in an all-optical implementation this advantage is 
counter-balanced by the power inefficiency and large size of opti-
cal switches compared with the electronic ones. All-optical digital 
computers are therefore not yet competitive. Optics has also been 
used for the implementation of nonlinear computations that are not 
based on Boolean logic, such as the optical implementation of neural 
networks6,7. In principle, the dense connectivity of neural networks 
and their relative robustness against noise and device imperfections 
renders them as a promising area for optical computing.

Interest in optically implemented neural networks has intensi-
fied in recent years, partially due to the large size of databases that 
need to be managed, stressing the capabilities of existing digital, 
electronic computers. Several promising approaches are being 
investigated and they are summarized in a recent review article8. 
The key challenge in designing a viable optical computer (including 
a neural one) is to combine the linear part of the system from where 
the competitive edge of optics derives, with nonlinear elements and 
input–output interfaces, while maintaining the speed and power 
efficiency of the optical interconnections.

The solution we propose and demonstrate in this paper is the 
combination of the linear and nonlinear parts of the optical sys-
tem in a shared volume confined in a multimode fiber (MMF). 
The principal advantage of this approach is the combination of 
the three-dimensional connectivity of optics with the long inter-
action length and lateral confinement afforded by the fiber, which 
makes it possible to realize optical nonlinearities at relatively 
low optical power. At the same time, the large number of spatial 
modes that can be densely supported in a MMF maintains the 
traditional high parallelism feature of optics while maintaining 

a compact form factor. Finally, with the availability of megapixel 
spatial light modulators (SLMs) and cameras, the two-dimensional 
input and output interfaces to the MMF can sustain a large infor-
mation processing throughput. We refer to the proposed method 
as SOLO (scalable optical learning operator) for the remainder  
of this paper.

A schematic diagram of the MMF processing element is shown 
in Fig. 1. The data to be processed are entered through the two-
dimensional SLM on the left. At sufficiently high-illumination 
peak power, the light from a pulsed light source is nonlinearly 
transformed as it propagates through the fiber, and the result of the 
computation is projected on the two-dimensional camera. Given 
the properties of the fiber and the laser source, the input–output 
operation performed by the MMF is fixed and highly nonlinear. We 
implement a reconfigurable processor by combining the fixed non-
linear MMF mapping in the optical domain with a single-layer digi-
tal neural network (decision layer) trained to recognize the output 
recorded on the camera using a large dataset of input–output pairs. 
For instance, we used this system to diagnose COVID-19 from 
X-ray images of lungs at high accuracy (83%). A large database of 
X-ray images of lungs with various diseases including COVID-19 
was used to train the single-layer network that classifies the repre-
sentation of the lungs produced at the output camera. The notion 
of combining a complex, fixed mapping with a simpler program-
mable processor to realize a powerful overall system—including 
the optical implementation of such machines—has been used in 
support vector machines9,10, reservoir computing11–15, random map-
pings16–19 and extreme learning machines20,21. The nonlinear map-
ping performed by the MMF is not the same as in any of the earlier 
approaches. As we will show, it proves to be effective in transform-
ing the input data space on the SLM to a nearly linearly separable  
output data space (camera at end of the MM fiber) at high speed and 
power efficiency.

In the rest of the paper we present numerical and experimental 
results from our optical computing framework for single-variable 
linear regression, multivariable linear regression, age prediction 
from images of faces, audio speech classification and COVID-19 
diagnoses from X-ray images tasks. We then discuss how the sys-
tem scales to a large data size and estimate the power consumption 
per operation. These studies show that the analog optical computer 
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based on the MMF is power efficient, versatile and obtains perfor-
mance comparable with that obtained by digital computers when 
solving the tasks we investigated (see Supplementary Discussion 10 
for detailed comparison).

results
Experimental studies. Multimode fibers exhibit waveguide proper-
ties while allowing a large number of spatial degrees of freedom. 
Graded-index multimode fibers (GRIN MMFs) in particular have 
become the subject of considerable interest for telecommunications, 
imaging and nonlinear optics studies due to their unique properties 
such as relatively low modal dispersion and periodic self-imaging. 
With spatiotemporal pulse propagation in GRIN MMFs, nonlin-
ear beam cleaning22, spatiotemporal mode-locking23–25 and various 
nonlinear frequency generation dynamics26–30 have been realized in 
recent years. Moreover, learning and controlling nonlinear optical 
dynamics in GRIN MMFs was demonstrated by modifying the spa-
tial properties of the intense pump pulse with a SLM or deformable 
mirror device31,32.

In machine learning studies, a variety of nonlinear transforma-
tions of the input data have been investigated to enable learning of 
complex relations hidden in the data33. In our case, we make use 
of the nonlinear mapping that takes place at high light intensities 
when an input pattern propagates in a MMF as a physical real-
ization of machine learning. The experimental set-up in Fig. 1 is 
explained in detail in the Methods. In this set-up, information spa-
tially modulated an intense laser pulse with the input data, and the 
Fourier transform of the spatially modulated beam was focused on 
the input facet of the optical fiber through a lens. The amount of 
light coupled to each of the modes of the fiber is given by the inner 
product between the incident light amplitude and the mode pro-
file. Following propagation, the initial complex modal coefficients 
evolve according to spatiotemporal linear and nonlinear effects. 

The nonlinear transformation of information is achieved by non-
linear energy exchange between the fiber modes. The transformed 
information at the end of the fiber is imaged onto a camera, and 
the image was downscaled such that the spatial sampling period is 
approximately equal to the resolution limit, which can be approxi-
mated by λ/2(NA), that is, the Abbe diffraction limit, where λ is the 
central wavelength and NA is numerical aperture. Each pixel of the 
downscaled image served as an input feature to a linear regression 
or, equivalently, to a single-layer neural classification algorithm to 
estimate the identity of the input on the SLM.

The number of modes N in a MMF scales proportionally to the 
fiber core area, hence the optical power necessary to maintain the 
same intensity scales linearly with the number of modes. As a fiber 
with N modes can accommodate an N-dimensional input (as per 
the law of étendue), the optical power scales with the size of the 
dimensional input N. The GRIN MMF used in the present study 
supports 240 modes (counting the polarization degeneracy). In 
the experiments, learning reached an optimum for a pulse peak 
power of 3.4 kW for nonlinear optical effects, which corresponds to 
4.4 mW average optical power at 125 kHz repetition rate and 10 ps 
pulse duration.

Learning a nonlinear function. We selected a simple regression prob-
lem on a dataset generated with a nonlinear (sinc function) relation. 
The inputs (x) were randomly generated numbers between –π and 
π, and the corresponding output labels (y) were generated accord-
ing to the y = Sin(πx)/(πx) relation. This dataset is often used as a 
benchmark in machine learning studies20,21. Each input value (x) was 
uniquely coded as a two-dimensional pattern, which was recorded 
on the SLM (see Methods for details). By recording the nonlin-
early propagated beam profile of many such input values, a linear 
regression method was performed on the output data (see Fig. 2a).  
To measure the effectiveness of the spatiotemporal nonlinear  
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Fig. 1 | illustration of the neuromorphic computing architectures and the experimental set-up. the experimental set-up consists of an SLM for encoding 
information onto laser pulses, an MMF for nonlinear projection with spatiotemporal fiber nonlinearities, and an imaging system to decode information.  
the inset depicts fixed-parameter neural network architectures with similar attributes as the MMF processor, where black and blue connections indicate 
fixed and adaptable weights, respectively.
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propagation and assess the importance of the nonlinearity, we 
experimented with different pulse peak powers to control the level 
of nonlinearity. At low peak power (~1.14 kW), the nonlinearity is 
relatively weak and transmission through the fiber is very nearly a 
linear transformation (except for the square-law at the detector)—
performance as a result is poor as the mapping is not linearly separa-
ble. Increasing the laser peak power results in nonlinear propagation 
and performance was optimum at around 3.43 kW laser peak power. 
For this optimum power level, correct outputs were estimated from 
unseen test inputs with a r.m.s.e. of 0.0671. Further power escalation 
gradually drives nonlinear pulse propagation to the Raman beam 
clean-up regime34, in which the projected beam profiles become 
virtually unaffected by the input data. In the other experiments 
reported below, the optical peak power used was 3.43 kW, which 
corresponds to the optimal peak power of the sinc and COVID-19  
diagnosis experiments.

Abalone dataset. We moved to multivariable inference problems 
and tested our computing method on the abalone dataset35, which 
consists of various physical features of sea snails that are related 
to age (for example, the number of rings) and can be used for the 
prediction of the age of sea snails from eight different parameters. 
We recorded these eight parameters on the SLM as a 4 × 2 matrix 
with proper pixel scaling. The recorded spatial distribution at the 
distal fiber facet was recorded, flattened and fed into the decision 
layer to perform linear regression (see Methods). Figure 3a pres-
ents the true ages and the corresponding predictions, indicating 
that the framework learns the ages of the abalone from spatially dis-
tributed independent variables with remarkable accuracy (r.m.s.e. 
of 0.126) compared with the output that takes normalized values  
between 0 and 1.

Face image dataset. A dataset containing 9,780 images of faces of peo-
ple of different genders and ethnicities with a long age span (0–116) 
is used36. The age is first normalized from 0 to 1. The number 1 rep-
resents the oldest person (116 years old). The achieved r.m.s.e. for 

age prediction is 0.167 normalized years. For the first 1,000 samples, 
the true ages and predictions are shown in Fig. 3b. Some predictions 
have negative values, which is impossible; this error is due to the 
final regression layer. This task is promising as image problems are 
massive and power-hungry in digital machine learning tools and 
give rise to convolutional neural network architectures.

Audio digit dataset. We next employed spoken digit classification 
to challenge the SOLO system. The audio digit classification data-
set incorporates recordings of English digits by six distinct people37. 
Audio recordings are inherently time-varying signals. Following the 
standard approach, one-dimensional audio signals were converted 
into two-dimensional representations by generating so-called Mel 
spectrograms. These spectrograms of audio recordings were pro-
vided as inputs into the SLM. The output decision layer classifies the 
recorded respective fiber output intensity images and 94.5% accu-
racy over test data is obtained (see Fig. 3c) for a digit categorization 
task using the frequency-resolved beam profile measurement tech-
nique (see Methods).

To demonstrate the versatility of SOLO, we changed the task 
for the same dataset and aimed to differentiate the speaker from 
the audio record. As the nonlinear transformation is indepen-
dent of the task, we only updated the decision layer in SOLO and 
achieved 95.2% accuracy on test data (as presented in Fig. 3d) 
using the frequency-resolved beam profile measurement tech-
nique (see Methods). The evolution of the loss and accuracy (if 
applicable) functions for our digital decision layer with SOLO are  
presented in Fig. 3e–g.

COVID-19 dataset. Encouraged by the performance we obtained 
with the relatively simple tasks described so far, we tested 
SOLO with a difficult challenge of current interest by studying  
COVID-19 diagnoses with a dataset consisting of 3,000 X-ray  
samples38. Similar to the audio dataset, the X-ray samples are 
applied to pulses as spatial phase modulation and the correspond-
ing fiber output intensity patterns were recorded. By performing 
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Fig. 2 | learning a nonlinear function. Dependence on the pulse propagation regimes in a gRIN MMF, caused by increasing the input optical peak power, is 
shown. a, Measured linear regression results of SOLO outputs for the sinc dataset with indicated labels. Each illustrated sinc example contains 3,000 data 
points. b, An illustration of the propagation difference for linear (low peak power) and nonlinear (high peak power) cases in a gRIN MMF with self-imaging 
period lengths of ten (10ρ).
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classification in the decision layer, 83.2% accuracy over the unseen 
test set is achieved (see Fig. 4) with frequency-resolved beam profile  
measurement technique (see Methods).

To evaluate the robustness of the present optical computing 
method, we repeated the experiments for the COVID-19 data-
set one week after the prior measurements presented in Fig. 4.  
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Without requiring a calibration, we obtained the similar learn-
ing performance level (around 82% accuracy on the test set) for  
diagnosing COVID-19 from X-ray images (see Supplementary 
Discussion 6). Furthermore, we performed detailed analysis to 
determine the stability of the set-up. As an analog system, equip-
ment (laser source, SLM) used in the SOLO experiments inherit 
noise-like behaviors such as laser-pointing stability or SLM stabil-
ity. In our tests (see Supplementary Discussion 8), we obtained high 
stability with a signal to noise ratio of 12.63.

Physical model of SOLO. The nonlinear mapping performed by 
the MMF can be investigated by the time-dependent (t) beam prop-
agation method (TBPM) involving the fiber mode amplitudes, Ap 
(where p is the considered mode index; equation (1))39. In an ideal 
fiber without imperfections and bending, with low power pulse or 
continuous-wave light, only the phases of the mode coefficients 
change at different rates—due to modal and chromatic dispersion—
without any intermodal power exchange. This behavior is captured 
by the first term in equation (1). This results in a linear transforma-
tion of the field as it propagates through the fiber.

Mode-coupling caused by perturbations due to fiber bending or 
by impurities (shown by matrix C) also acts as linear mixing (see the 
second term in equation (1))39,40.

∂Ap
∂z = iδβp

0Ap − δβp
1
∂Ap
∂t − i β2

2
∂2Ap
∂t2

︸ ︷︷ ︸

Dispersion

+ i
∑

n
Cp,nAn

︸ ︷︷ ︸

Linear mode coupling

+ iγ
∑

l,m,n
ηp,l,m,nAlAmA∗

n

︸ ︷︷ ︸

Nonlinear mode coupling

(1)

If the peak power of the pulse is high enough to induce nonlin-
ear behavior in the material, nonlinear mode coupling takes place 
and it results in a nonlinear operation on the information spatially 
encoded in the intense pulse throughout the fiber (the third term in 
equation (1)). As illustrated in Fig. 5, by simply iterating equation 
(1) with a small propagation step, Δz, nonlinear propagation can be 
obtained for each step. For each propagation step, the fiber modes 
couple to each other according to the linear coupling coefficients and 
the nonlinear coupling tensor, indicated by η. This nonlinear opera-
tor can be modeled at each propagation step by multiplying each 

three-element combination of mode coefficients with the related 
entry of the nonlinear mode coupling tensor. In equation (1), β2 is 
the group velocity dispersion for the central frequency of the pulse; 
δβ(p)

0  (δβ(p)
1 ) is the difference between first (second) Taylor expan-

sion coefficient of the propagation constant for corresponding (p) 
and the fundamental mode; γ is the Kerr nonlinearity of fused silica 
fiber; the indeces of summations (n, l, m) are the iterating mode 
numbers to cover all of the possible modal interactions, and i is the 
imaginary unit. Specific definitions of (Ap, Cp,n, ηp,l,m,n) can be found 
in the ‘physical model of SOLO’ section of the Methods.

Numerical studies of SOLO. We performed TBPM simulations 
to understand the role of nonlinearity in the MMF and analyze 
its effects on learning (see Methods). We performed a rescaling of 
the propagation length and pulse peak power to reduce the com-
putation time but include the required optical nonlinearity (as also 
explained in the Methods). We numerically studied the learning 
sinc function (see Methods) as well as the abalone, face image and 
audio datasets. Note that the numerical simulation is only partial 
due to computational limitations and the scalar nature of the simu-
lation, the simulated fiber supports 120 spatial modes as opposed to 
the experiments in which the test fiber supports 240 spatial modes. 
This difference causes information loss for the nonlinear mapping 
in the numerical studies.

We simulated nonlinear beam propagation in a GRIN MMF 
by encoding the COVID-19 dataset onto the optical pulses. We 
propagated 3,000 X-ray samples numerically, followed by classifica-
tion of the resulting spatial distribution of the pulses. We achieved 
70.8% accuracy (see Fig. 6a–c), which is considerably lower than 
the experimentally obtained classification accuracy (83.2%). For 
categorization tasks, our numerical results offered lower perfor-
mances than our experimental studies. The simplifications may not 
have captured the complex nonlinear mapping occurring in a longer 
fiber and lower peak power.

We simulated the COVID-19 dataset with lower peak power 
levels and shorter fiber lengths to understand the impact of those 
properties. The numerically obtained COVID-19 diagnosis accu-
racy of 70.8% decreased to 68.8% and 67.2% when the peak power 
decreased to half and quarter of the initial power, respectively. 
Similar results were also obtained for shorter propagation lengths 
such as by decreasing the fiber length from ten to five self-imag-
ing periods, we could achieve 67.5% diagnosis accuracy. A fur-
ther decrease of fiber length by two self-imaging periods resulted 
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in 64.5% diagnosis accuracy in our simulations. The numerically 
achieved confusion matrices for these studies are shown in Fig. 6.

Discussion
Due to the waveguiding properties of the optical fiber, the light 
can be fully represented by the complex coefficients of N mutu-
ally orthogonal modes (vectors) at the input to the fiber and of the 
same N modes at the output. The amplitude of each of the output 
modes is computed optically by linear and nonlinear combinations 
of all of the input modes as shown in equation 1. Also, as Fig. 5 sug-
gests, this computation is performed many times in the fiber. We 
thus realize that at least N operations are needed to compute the 
amplitudes of each output mode, and we have N such modes and 
thus the scaling is N2. With the state-of-the-art SLM technology41, 
the computing performance (OPs) of SOLO scales to PetaOPs.  
(see Supplementary Discussion 11 detailed calculation including 
the energy efficiency).

The presented optical computing framework can be fur-
ther improved with an active MMF scheme in which the fiber is 
mechanically perturbed42 or the pump light is also shaped to control 
spatiotemporal nonlinear propagation. Different cases of adaptive 
pumping in fiber amplifiers are already demonstrated in the litera-
ture43,44. Such an implementation may lead to optically controllable 
computing with nonlinear fiber optics.

The SOLO framework can be realized with silicon-on-insulator 
technology, which enables optical functions on integrated circuits 
and has already resulted in many useful applications45. Nonlinear 
silicon photonics already demonstrated supercontinuum genera-
tion through self-phase modulation, light amplification using the 
Raman effect and matrix convolution operations46,47. By leveraging 
the existing platform, it is possible to implement the framework that 
we demonstrated in optical fibers.

In our benchmarks, the proposed optical computing platform 
performs as powerful as its digital counterparts for different tasks. 
With better energy efficiency than previous proposals and a path to 
PetaOPs scalability, SOLO provides a promising path toward super-
computer-level optical computation.

Methods
Experimental set-up. As the light source, an yttrium fiber laser (Amplitude Laser 
Satsuma) that produces 10 ps pulses with a 125 kHz repetition rate was selected. 
The pulse was centered around 1,033 nm with a width of 10 nm. The linearly 
polarized Gaussian laser output beam was shaped via a phase-only SLM (Holoeye 
Pluto-NIRII), an 8 μm pixel pitch and 60 Hz speed. We illuminated the 600 × 600 
pixels central region of the SLM and all images were scaled to that size to cover the 
entire beam. A blazed grating was added to the pattern to prevent unmodulated 
direct current light from entering the fiber. Encoding two-dimensional arrays 
was relatively easier than encoding a scalar or one-dimensional input. To handle 
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a scalar input (such as for the sinc experiment), we mapped the scalar value to 
a two-dimensional array by multiplying the value through a fixed random two-
dimensional matrix. This provided unique two-dimensionals matrices for every 
distinct input value. For one-dimensional inputs, we simply converted them into 
two-dimensions and upscaled them to the illumination pixel range. We used 5 m 
of a commercial GRIN 50/125 MMF with a NA of 0.2; this fiber allows 120 modes 
per polarization for the given excitation. The phase-modulated light from SLM 
was imaged onto the MMF with a lens focal length of 15 mm. The information 
beam covers the whole MMF core area. The beam-core overlap was checked 
by imaging the back reflection of the proximal fiber side (not shown in Fig. 1). 
The distal fiber side was magnified 12.5 times through a 4f imaging system and 
recorded using a camera with a 5.2 μm pixel pitch. As an alternative method, 
instead of 4f imaging, frequency-resolved spatial measurement with a dispersive 
optical element (grating with a 600 line mm–1 period) was used as presented in 
Fig. 1. Considerable performance increases were observed and reported here for 
the categorization tasks (audio digit and COVID-19 datasets). We continuously 
monitored fiber output power after and before the MMF. Various neutral density 
filters were embedded to avoid camera saturation. The pulse power and width were 
optimized so that the pulse conserves its temporal unity (no temporal splitting) 
and maximizes spatial interactions.

Physical model of SOLO. The optical beam at any position of the optical fiber can 
be decomposed into spatial modes of the fiber.

E(ρ, φ, ω) =
∑

l
Fl (ρ, φ, ω) eiβl(ω)z Ãl(z, ω)

where, E(ρ, φ, ω) is the electric field of the light, Al is the envelope of the 
corresponding mode amplitude along the propagation direction z and Fl is the 
mode shape.

F(p,m)(ρ, φ, ω) =

√

p!
π(p + |m|)!

p|m|

(w0/
√
2)|m|+1

e−ρ/w2
0L|m|

p

(

2 ρ2

w0

)

eimφ

shows the solution of the mode shape Fl for graded index fibers having relative 
index difference of Δ and radius of R, Lp is the generalized Laguerre polynomial39. 
The values of modes propagation constant βp,m were calculated using the following 
expression (k is the wavenumber),

βp,m(ω) = k

√

1 − 2
√

Δ
kR (2p + |m| + 1)

Propagation of an intense pulse inside an optical fiber can be analyzed 
following this representation. Equation (1) represents the nonlinear spatiotemporal 
evolution of each mode. Each mode is coupled to the others through the 
nonlinearity tensor coefficient,

ηp,l,m,n =

∫∫

dx dy FpFlFmFn
[∫∫

dx dy Fp
∫∫

dx dy Fl
∫∫

dx dy Fm
∫∫

dx dy Fn
]2

which models nonlinear intermodal and intramodal effects, and through a linear 
coupling coefficient,

Cp,n =
ω
2

∫∫

dx dy (˜∈∗ − ∈)Fp F∗n

which expresses mode coupling due to perturbations to the ideal fiber shape 
and refractive index distribution, such as bending and impurities. The linear 
coupling coefficient (Cp,n) relates perturbation in permittivity (or refractive 
index) to intermodal model coupling by calculating the overlap integral with 
the corresponding mode shapes40. Similarly, the nonlinearity tensor coefficient 
(ηp,l,m,n) is computed with the normalized overlap integral of modes. We computed 
the nonlinear coupling tensor between the modes for our GRIN-50/125 fiber. 
The tensor has a 1204 size and computing all nonlinear terms took two and a half 
months on a server computer with two Intel Xeon E5-2670 CPUs and 384 GB of 
RAM. The cross-phase modulation coefficients (ηp,p,q,q) are shown in Supplementary 
Discussion 1, where the diagonal terms correspond to self-phase modulation 
(ηp,p,p,p). This demonstrates the richness of the nonlinear interaction that SOLO 
relies on. Note that four-wave mixing could not be shown on the graph due to its 
dimensionality.

Numerical simulations. We implemented a GPU-parallelized TBPM,

∂A
∂z = i

2k0

(

∂2A
∂x2 + ∂2A

∂y2
)

− i β2
2

∂2A
∂t2 +

β3
6

∂3A
∂t3

− ik0Δ(x2+y2)A
R2 + iγ |A|2 A

in Python to simulate sufficiently fast nonlinear pulse propagation in the fiber. 
Time-dependent beam propagation method simulations often require long 
computational times due to heavy multidimensional fast Fourier-transform 
calculations. The launched pulses centered at 1,030 nm with 1 ps duration 
were numerically propagated for a self-imaging periods distance of 10. In the 
experiment, the fiber length is 5 m. To reach a manageable computing time for 
the datasets with 3,000 samples, we performed a rescaling of the propagation 
length from 5 m to ~5.5 mm. The datasets were divided with a ratio of 0.2 for 
training (2,400 samples) and validation (600 samples). We increased the pulse peak 
power to 10 MW to generate nonlinear spatiotemporal evolution in such a short 
propagation. The time window of simulation is 20 ps with 9.8 fs resolution and the 
spatial window is set as a 64 × 64 spatial grid. To properly simulate the  
GRIN MMF’s spatial self-imaging, the numerical integration step is set to sample 
each self-imaging period 16 times. We truncated the parabolic fiber index  
profile with the super-Gaussian filter to create an absorptive boundary condition 
around the core. We matched the launched Gaussian beam diameter (1/e2)  
to fiber core size (50 μm). For our studies, we encoded data into the beam as a 
multiplied phase information. After propagation, the obtained pulse is time-
averaged and converted into normalized intensity images. There were several  
ways of converting images into one-dimensional representations. For simplicity,  
we used a flattened version of downsampled images as an output vector.  
The regression and classification were implemented using Scikit-learn or 
Tensorflow on Google Colab cloud service which provides an Intel Xeon CPU and 
a Nvidia Tesla V100 GPU.

We simulated the nonlinear pulse propagation with the same datasets to 
compare them with our experimental results. We encoded the information as 
the spatial phase distribution of a pulse in our numerical implementation onto 
the input beam. Our first numerical simulation was learning the sinc function 
input–output relation, numerically duplicating the experiment we described 
above. We used 3,000 randomly generated samples that lie in [–π,π] to cover 
the sinc function’s characteristic behavior. We fed the generated samples into 
TBPM by expanding scalar values into a two-dimensional form using a random 
mask and calculated the nonlinear pulse propagation in the GRIN MMF. The 
projected intensity distribution at the distal end of the fiber was considered as 
the nonlinearly transformed information. The linear regression parameters were 
retrieved from the training data and the overall performance was assessed by the 
test data. A remarkable learning performance with an r.m.s.e. of 0.0039 for the test 
data was obtained (see Supplementary Discussion 2). Similar to the sinc function, 
a decision layer to perform linear regression was employed and we obtained 
an abalone age prediction with remarkable accuracy (r.m.s.e. of 0.0831). We 
continued our numerical studies with the face image dataset. By encoding different 
human face images into the simulated pulse, each person’s age on the images was 
estimated, and an r.m.s.e. of 0.2175 on normalized output values again indicated 
close correspondence with the experimental studies. We simulated the nonlinear 
propagation of audio digit pulses for categorization purposes. By taking the fiber 
output beam shapes as inputs to a single layer classifier gave approximately 68% 
accuracy. We updated the decision layer and tried to differentiate the speaker from 
the audio record. In our numerical studies, we obtained 61% accuracy over the 
unseen test set. The learning results, evolution of loss and accuracy (if applicable) 
functions for our digital decision layer with experimental results are presented in 
Supplementary Discussion 3.

Confusion matrices. Each row of the matrix represents the instances in a predicted 
class and each column represents the instances in an actual (true) class. Each cell 
shows how many times that class is predicted while the true answer was the label of 
the corresponding column. Thus, the numbers in the diagonal cells are how many 
times the correct answers are predicted while the numbers in other cells are false 
predictions/errors. Color bars show the occurrence of the number of instances and 
they are unitless. They visualize the distribution number of predictions  
on the matrix.

Data availability
The datasets containing the raw information for abalone dataset is from (https://
archive.ics.uci.edu/ml/datasets/Abalone), the face image dataset is from ref. 36, 
audio digit dataset is from (https://github.com/Jakobovski/free-spoken-digit-
dataset) and COVID-19 dataset is from (https://www.kaggle.com/tawsifurrahman/
covid19-radiography-database). The recorded experimental and calculated 
numerical data are available at https://github.com/ugurtegin/Nonlinear_MMF_
Network (ref. 48). Source Data are provided with this paper.

Code availability
The numerical data used in this work and a public version of the codes are available 
at https://github.com/ugurtegin/Nonlinear_MMF_Network (ref. 48).
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