Photonic Extreme Learning with Chaotic Microcavities
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Recent years have seen a surge in the demand for application-specific neuromorphic hardware, alongside a
growing applications space. In the context of optical neural networks, integrated Photonic Extreme Learning
Machines (PELMs) offer key advantages for hardware implementation, while meeting requirements for scalability,
energy-efficiency and operation bandwidth. PELMs are photonic neural networks with feed-forward connectivity
whose operation exploits the intrinsically complex input-to-output information transformation of the network, with
training only applied via the readout layer [1]. Chaotic microcavities, i.e. dielectric microcavities with geometries
that sustain aperiodic ray trajectories, have been proposed for use as compact physical reservoirs [2,3]. Previous
studies have focussed on numerical modelling of the microcavities, where the wave propagation dynamics can be
time-resolved and play the role of a short-term memory. In experimental implementations, the ultrashort time
scales involved in the optical path propagation are unpractical to detect and a more efficient mode of operation of
such microcavities is as PELMs in classification tasks. Here, we demonstrate fabrication of silicon nitride (SizsNa4)
based chaotic resonators and show application of these as the hidden layer of a PELM for image classification.

Passive microcavities with different shapes (stadium, cardioid and truncated circle) were fabricated in SizNy
using a combination of laser lithography and reactive ion etching techniques. An example optical microscope
image of a cardioid shaped SizN4 microcavity is shown in Fig. la. We fabricate a thin wall surrounding each
chaotic microcavity to enhance the vertical coupling of specular scattering from the microcavity sidewalls. The
large modal complexity inside the chaotic microcavity results in a speckle profile that is highly sensitive to changes
in the input laser’s wavelength. This allows us to encode the input information in the wavelength of the injected
laser field. Figure 1b depicts the experimental PELM setup, which essentially consists of a tuneable laser source
(TLS) to precisely sweep the input wavelength, the chaotic microcavity operating as the hidden layer, and a CMOS
camera to detect the sidewall scatter resulting from the speckle profile. In order to characterize the complex input-
output transfer function of the microcavities, we sweep the input wavelength of the TLS from 635nm to 638nm in
0.1nm steps and record the respective camera images. Each speckle profile is evenly divided in 20 square areas
(Fig. 1b) and the maximum pixel intensity value within those areas is extracted to form an output vector. The
independence between different output vectors is measured with using a cross-correlation function (normalised
covariance). Figure 1c shows the fast decay of this correlation versus wavelength.
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Fig. 1 (a) Optical microscope image of fabricated cardioid microcavity. (b) Experimental set-up schematics. (c) Cross-
correlation dependence of the output vectors for different input wavelengths.

Finally, a PELM model based on each chaotic microcavity shape is trained to perform the Iris Flowers
Classification task [4]. The different features of the iris dataset are encoded into our 3nm swept wavelength range.
The PELM is trained using 10-fold ridge regression and then tested using a subset of previously unseen iris data
(30% of the total data set). Best performance is obtained from the cardioid cavities, which resulted in respective
training and testing accuracies of 96.0% = 0.8% and 91.3% =+ 3.8%. These results pave the way for future
application of chaotic resonator based PELMs for spectral classification tasks.
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