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Supplementary Notes 1: Stability of experiment and coupled power with vortex beam

In nonlinear optical computing, the most important variable is the optical power within the system as
nonlinear interactions depend on intensity. Fluctuations in the output power of the laser are expected due to
non-ideal environmental factors and inevitable noise. To test the overall power fluctuations, we measured the
power coupled to the fiber with a power meter before the experiments. Although the duration of the longest
experiment was 6.4 hours (FashionMNIST [1]) we measured the fiber-coupled output power for 12 hours.
Normalizing the output power by the maximum value of the measurements, the minimum coupled power was
0.9817. The duration of other experiments is 2.5 hours for EuroSAT [2] and 5 minutes for BreastMNIST [3].
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Supplementary Figure 1: Fiber coupled laser power.

Supplementary Notes 2: Preliminary tests on spatiotemporal chaotic state with vortex beam

In this study, we demonstrate an optical computing system based on the excitation of high order modes. When
the initial energy of high order modes compared to fundamental modes is higher than 1/50, spatiotemporal
chaos occurs, and fiber cannot converge into a stable state[4]. In high powers, the stable state refers to beam
cleaning. We tested the impact of the vortex beam compared to the Gaussian beam with and without
information encoding in 2kW peak power. As described in the results section, we added a blazed grating phase
to prevent unmodulated zero order from entering the fiber. Due to the orbital angular momentum phase spot
size of the bottle beam will be slightly larger than the regular Gaussian beam. We measured the power of
fiber-coupled light with and without a vortex beam to test full coupling at 3 kW peak power. Without the
vortex beam, we measured an average power of 18.4mW and with the vortex beam, we measured an average
power of 18 1ImW. Since we encode information in an inner square and operate at 2 kW peak power, this
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coupling difference is negligible. If we increase the charge of orbital angular momentum phase, the spot size
will also increase. Due to this we did not increase the charge further since it will lead to loss of coupled power.
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Supplementary Figure 2: Impact of vortex beams on the stability of the propagation. a. Regular modulation
phase is applied to the input Gaussian beam. b. Output beam profile without high order mode excitation. c.
The orbital angular momentum modulation phase was applied to the input Gaussian beam. d. Output beam
profile with high order mode excitation.

Supplementary figure 2 demonstrates that without the excitation of high order modes system starts to
converge to its stable state. By increasing the initial energy coupled to high order modes system cannot
converge to its stable state verifying the numerical results and the presence of spatiotemporal chaos in
multimodal propagation. As a final preliminary test, we sent different information patterns with vortex beams
and verified our observations.
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Supplementary Figure 3: Impact of vortex beams on the stability of the propagation with data. a,d. Encoded
data in phase patterns. b, e. The orbital angular momentum modulation phase that was applied to the input
Gaussian beam. c,e. Output beam profile with high-order mode excitation.

Supplementary Notes 3: Training of comparison neural networks

We train LeNet-1and LeNet-5[5] to compare our model with convolutional neural networks that are composed
of similar number of trainable parameters. We train aforementioned models by implementing their proposed
architectures utilizing a computer with an RTX 4070 graphic processing unit. We train every model 300 epochs
with a learning rate of 10 using ADAM optimization and Cross-entropy loss. In test set accuracy we have used
the same test set as our reservoir computer.
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Supplementary Figure 4: Training and test loss curves and test set accuracy of LeNet-1. a. Training and test
losses by number of epochs for BreastMNIST dataset. b. Test set loss by number of epochs for BreastMNIST
dataset. c. Training and test losses by number of epochs for EuroSAT dataset. d. Test set loss by number of
epochs for EuroSAT dataset.
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Supplementary Figure 5: Training and test loss curves and test set accuracy of LeNet-5. a. Training and test
losses by number of epochs for BreastMNIST dataset. b. Test set loss by number of epochs for BreastMNIST
dataset. c. Training and test losses by number of epochs for EuroSAT dataset. d. Test set loss by number of

epochs for EuroSAT dataset.
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