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On-chip wave chaos for photonic extreme learning
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The increase in demand for scalable and energy-efficient ar-
tificial neural networks has put the focus on novel hardware
solutions. Integrated photonics offers a compact, parallel,
and ultra-fast information processing platform, specially
suited for extreme learning machine (ELM) architectures.
Here we experimentally demonstrate a chip-scale photonic
ELM based on wave chaos interference in a stadium micro-
cavity. By encoding the input information in the wavelength
of an external single-frequency tunable laser source, we
leverage the high sensitivity to wavelength of injection in
such photonic resonators. We fabricate the microcavity with
direct laser writing of SU-8 polymer on glass. A scattering
wall surrounding the stadium operates as a readout layer,
collecting the light associated with the cavity’s leaky modes.
We report uncorrelated and aperiodic behavior in the speck-
les of the scattering barrier from a high-resolution scan of
the input wavelength. Finally, we characterize the system’s
performance at classification in three qualitatively different
benchmark tasks. As we can control the number of output
nodes of our ELM by measuring different parts of the scat-
tering barrier, we demonstrate the capability to optimize our
photonic ELM’s readout size to the performance required
for each task. Published by Optica Publishing Group under the
terms of the Creative Commons Attribution 4.0 License. Further dis-
tribution of this work must maintain attribution to the author(s) and the
published article’s title, journal citation, and DOI.
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In recent years, there has been a surge in the demand for novel
hardware devices to implement neuromorphic computing [1].
Photonic integrated circuits (PICs) are a promising platform for
implementing hardware-based neural networks because of their
small footprint and low power consumption [2]. One type of neu-
ral network that are particularly well suited to implement using
PICs are feed-forward neural networks (FFNNs) [3] and in their
simplistic version, extreme learning machines (ELMs). ELMs
can be considered FFNNs with a single hidden layer and random
interconnects, where only the readout weights are accessed for
training [4].

Photonic ELMs have previously been implemented using
time-delayed fiber loops [5], scattering media [6], multimode
fibers [7–9], bulk optics [10], fiber frequency combs [11–13],
and photonic integrated circuits [14,15]. The principal mecha-
nism ELMs leverage to solve classification tasks is dimension-
ality expansion. This implies that the hidden layer must be able
to expand the input information to a high-dimensional param-

eter space in a non-trivial way. Stadium-shaped microcavities
are classical testbed photonic systems for wave chaos [16], a
physically efficient mechanism for mixing information encoded
in light. Inside a stadium microcavity, light bounces follow-
ing chaotic trajectories, which gives rise to high-dimensional
mapping of the input information into a complex spatial inter-
ference pattern. Therefore, such cavities perform physically the
hidden layer’s task as light propagates and escapes from the
cavity. Those systems have already been studied as photonic
reservoir computers (RC) in the past [17–19]. RCs and ELMs
share the common learning strategy of optimizing only the out-
put weights, but RCs are based on recurrent neural networks, i.e.,
they assume a certain degree of fading memory in the network.
By working in the ELM paradigm, we focus on information pro-
cessing tasks that do not require memory, such as classification
and nonlinear channel equalization.

In this work, we fabricate and characterize a polymer stadium
microcavity that is surrounded by a barrier designed to scatter
the light that laterally escapes from the cavity. We then use such a
system to implement a photonic ELM for benchmark classifica-
tion tasks of diverse complexity. For each task, we characterize
the classification accuracy versus the size of the readout layer.
Our photonic ELM is able to achieve accuracies above 90%
in all tasks with a compact chip design, realized with a robust
fabrication process and requiring simple optical injection and
measurement. Figure 1 illustrates our photonic ELM approach.
We use the wavelength of a tunable laser source to encode the
input data 𝜆(𝑥). The on-chip stadium microcavity mixes each
wavelength in a complex and unique speckle pattern recovered
by an off-chip IR camera. We select different positions at the
scattering barrier that surrounds the cavity (six in the illustra-
tion of Fig. 1) and measure the sum of the speckle intensities.
The number of measured regions corresponds to the size of our
ELM’s hidden layer H⃗ and determines the number of output
weights ⃗𝛽 between that and the output layer of predicted classes.
Finally, the matrix of speckle intensities together with the vec-
tor of target classes ⃗𝑦 are used to train the readout weights using
ridge regression.

The Bunimovich stadium is a canonical example of non-
integrable geometry, which naturally supports nonlinear ray
dynamics and wave chaos [20]. Such complex dynamics do not
require material nonlinearities, making it an inherently energy-
efficient photonic process for dimensionality expansion. We
access the internal complex interference field of the cavity by
harnessing the light associated with the leaky regions of the
phase space. Figure 2(a) shows an optical microscope picture of
the fabricated Bunimovich stadium, a hypothetical ray trajectory
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Fig. 1. Schematic illustration of our photonic ELM approach. The
input information 𝑥 is encoded in the wavelength of a tunable laser
source. The photonic chip transforms the wavelength data 𝜆(𝑥) into
a vector representing the hidden layer output nodes ⃗H. We offline
train the readout weights ⃗𝛽 between the hidden layer and the output
layer 𝑦 for class prediction.

leaving the center with an angle 𝜙 will bounce at the bound-
ary with a reflection angle 𝜒. If the incidence angle is smaller
than the critical angle 𝜒𝑐, then a part of the light is refracted
and scatters onto a 1 µm-thick barrier placed 30 µm away from
the cavity boundary. Mathematically, this is when sin(𝜒) <
sin(𝜒𝑐), where sin(𝜒𝑐) = 𝑛cladding

𝑛core
and 𝑛cladding and 𝑛core are the

respective refractive indices of the cladding and core materials.
In our case, the cladding is air (𝑛cladding = 1), and the core is SU-8
polymer (𝑛core ≃ 1.55). Figure 2(b) depicts the Poincaré surface
of section plot for a numerical simulation of a chaotic billiard
with the same geometry. As can be observed from the evenly
distributed points in this phase space representation, our cavity
exhaustively explores the phase space of possible trajectories.
This provides an efficient deterministic mechanism to map input
information to a higher-dimensional space, which is a crucial re-
quirement for ELMs performing classification tasks. The critical
reflection angle 𝜒𝑐 is indicated with a red line in Fig. 2(b), and
the leaky region of the phase space (below that angle) is colored
in light red. Phase space trajectories in the leaky region escape
the microcavity and arrive at the outer scattering barrier, where
they interfere to create the output of our ELM’s hidden layer.

We follow a straightforward approach based on one-step direct
laser writing process to microfabricate the stadium microcavity.
The structure used in this study was fabricated in SU-8 polymer.
For this, a glass microscope slide was prepared with a solvent
clean and O2 plasma ash. A 2 µm thick layer of SU-8 6002
(Kayaku) was then spin-coated onto the glass slide and soft-
baked for 3 minutes. The device was created using UV direct
laser writing lithography (Heidelberg DLW66+), followed by a
further 3-minute soft-bake and development in undiluted PG-
MEA for 60 s. The chip was then hard baked for 30 minutes and
the edges cleaved to give side access to the waveguide facets.
Inspired by a recent paper [21] where the authors explore non-
Hermitian effects in stadium microcavities, we position a barrier
surrounding the cavity to rescatter leaky modes into the vertical
direction for imaging with the camera. Moreover, injecting from
both sides results in a more uniform intensity distribution in the
cavity.

The optical characterization of the device was carried out us-
ing the setup shown in Fig. 3. The laser source is a fiber-coupled
continuous-wave tunable laser (Santec TSL-570). The emitted
light is passed through a 50:50 polarization-maintaining beam
splitter and into two identical single-mode lensed fibers (OZ
Optics TPMJ-3A-1550-8). The lensed fibers couple light into
two single-mode SU-8 waveguides on the chip, which directly

Fig. 2. Ray dynamics in stadium billiards. (a) Optical microscope
image of the fabricated microcavity with an exemplary illustration
of trajectory with reflected (blue) and refracted (red) rays. The red
square illustrates a detection node from the surrounding scattering
barrier. (b) Poincaré surface of section for simulated ray trajecto-
ries in a stadium chaotic billiard without input waveguides and with
the same proportions than the microfabricated polymer microcav-
ity. The uniform covering of the phase space is the signature of
aperiodic trajectories in the chaotic resonator. The red line denotes
the critical angle sin(𝜒𝑐) for total internal reflection. All angles
𝜒 < 𝜒𝑐, corresponding to the colored region in panel (b), experi-
ence total internal reflection.

Fig. 3. Schematic of the optical characterization setup. Abbrevi-
ations stand for BS, beam splitter; IR, infrared; LED, light-emitting
diode; PC, personal computer; TLS, tunable laser source; XYZ,
three-axis micrometric stages.

inject the light symmetrically into the cavity. The light that is
leaked from the cavity acts on the scattering barrier, resulting in
a wavelength-dependent speckle. Images of the scattering bar-
rier are collected via the imaging setup, which includes a 10×
microscope objective (Nikon Plan Fluor 10×/0.30), a 1550 nm
LED for incoherent illumination of the sample, and an IR camera
(Lucid Triton SWIR 1.3MP).

To illustrate the sensitivity of the system to small changes in
wavelength, we obtained images for each 10 pm step in wave-
length between 1550 nm and 1560 nm. As mentioned above, we
restrict our analysis to the light scattered by the wall surround-
ing the cavity. By integrating the camera pixel values in this
region, we can construct a spectrum for the leaky light from the
cavity. The resulting spectra, depicted in Fig. 4(a), show an ape-
riodic and highly changing structure over the measured 10 nm
range. Crucially, the wavelength dependence strongly changes
at different positions around the scattering barrier, as depicted
in Fig. 4(b). The variability of the individual spectra is signifi-
cantly higher than that of the average and clearly illustrates the
space-dependent complex transformation that input information
experiences in our system.

As illustrated in Fig. 1, for ELM operation, we encode the
input information in the wavelength of a tunable laser source
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Fig. 4. Reconstructed leaky spectrum of the stadium microres-
onator. (a) Scattered intensity integrated over the whole barrier. (b)
Scattered intensity at opposite center positions on the upper and
lower parts of the scattering barrier as in Fig. 5.

and read out the hidden layer’s transformation from the intensity
scattered at the surrounding barrier. The information encoding
is done offline in our present demonstration. We encode the data
samples with a transformation between the sample space and
the wavelength space. For each classification task, we linearly
rescale the components of the m-dimensional input vectors ⃗𝑥 to
a wavelength range from 1550 nm to 1560 nm. Figure 5(a) de-
picts such a linear mapping for the particular case of the Iris
dataset, with four input features. For a given feature 𝑗 of a sam-
ple 𝑖, the ELM’s response vector ⃗𝑣𝑖

𝑗(𝜆(𝑥𝑖
𝑗)) is constituted by the

integrated intensities inside each of the 𝑛 ROIs, as indicated in
Eq. (1). Notably, the readout layer is nonlinear as the measured
intensity corresponds to the square of the optical field

⃗𝑣𝑖
𝑗(𝜆(𝑥𝑖

𝑗)) =

⎡
⎢
⎢
⎢
⎢
⎣

∑ 𝑅𝑂𝐼1
∑ 𝑅𝑂𝐼2

⋮
∑ 𝑅𝑂𝐼𝑛−1
∑ 𝑅𝑂𝐼𝑛

⎤
⎥
⎥
⎥
⎥
⎦

for 𝑗 = 1, ..., 𝑚. (1)

The feature matrix H contains the cavity’s response to all 𝑚
features stacking the transposed vectors of Eq. (1). This encod-
ing process is then repeated for each sample 𝑖 in the dataset
⃗𝑥𝑖. In our system, the cavity acts as the hidden layer and the

scattering barrier contains its readout nodes. We define evenly
spaced regions-of-interest (ROIs) on each camera image as read-
out nodes, as depicted in Fig. 5(b). Each ROI covers an area of
84.64 µm2 (9.2 µm × 9.2 µm). The underlying principle of ELMs’
operation is to perform a vector-matrix multiplication, solving
⃗𝑦 = H ⃗𝛽. The vector of labels returned by the network is ⃗𝑦, while

H is the output of the hidden layer and ⃗𝛽 is the vector of out-
put weights that links the hidden layer and the output classes.
Training consists in finding the optimal set of output weights
such that when an input is presented to the network, the output
layer maximally approximates the corresponding labeled target
𝑇. As ⃗𝑦 is simply the linear combination of H and ⃗𝛽, ridge re-
gression is used to find the optimal set of weights. The optimal
set of weights is determined by solving ⃗𝛽 = (H†H + 𝛼I)−1H† ⃗𝑇
[14], where I is the identity matrix, ⃗𝑇 is the vector of target la-
bels and 𝛼 is the regularization parameter that helps to prevent
underfitting or overfitting the model to the training dataset.

Fig. 5. Wavelength to intensity transformation. (a) Plot display-
ing original feature values of every 3rd sample in the Iris dataset.
The length in the original data is linearly mapped onto our tunable
laser’s wavelength range. The four input features are sepal length
(SL), sepal width (SW), petal length (PL), and petal width (PW). (b)
Diagram showing how ROIs are defined around the cavity’s scatter-
ing barrier. Those ROIs are the readout nodes of the ELM’s hidden
layer.

We demonstrate the suitability of our system for ELM com-
puting by performing 3 classification tasks of varying difficulty:
Iris flower classification, the Wisconsin breast cancer classifica-
tion task, and handwritten digit classification (reduced MNIST).
Those tasks are directly loaded from the open-access library
Scikit-Learn [22]. The iris flower task aims at classifying 150
samples, each described by four features, into one of three
species of iris: Setosa, Versicolor, and Virginica. The four fea-
tures refer to the length and width of the sepals and petals of
the flower. The Wisconsin breast cancer is a binary classification
task of 569 samples where the two classes (benign or malignant)
are not linearly separable. Each sample has a feature vector of
size 30, where each element describes a different physical prop-
erty of the tumor. The handwritten digits task is a simplified
version of the MNIST digit classification task with 1797 sam-
ples of 8 × 8 pixel images of handwritten digits from 0 to 9. The
integer values of each of the 64 pixels in the image are treated
as a feature.

In conventional FFNNs, like ELMs, having control of the
size of the readout layer (number of readout nodes) allows the
user to control the maximum accuracy achievable by the net-
work and can help to prevent overfitting data [14,15]. With
our proposed method, we gain direct control of the number of
nodes in the readout layer by changing the number of ROIs used
to generate the output vector of the cavity. In order to quan-
tify the complexity generated at our ELM output, we calculate
the effective rank of the hidden layer’s readout matrix H fol-
lowing the method proposed in [23]. Figure 6(a) compares the
dependence of the algebraic and effective ranks with increas-
ing number of ROIs. The distinct slopes highlight the difference
between linearly independent dimensions and number of di-
mensions actively contributing towards information processing.
Figures 6(b)–6(d) show the performance results for each of the 3
challenged tasks as a function of the number of ROIs used in the
readout layer. In this analysis, we train the model with L2 regu-
larization (ridge regression) and measure the average accuracies
over a 5-fold cross-validation. Each data point in Figs. 6(b)–6(d)
corresponds to the mean and standard deviation of 10 different
random train/test splits maintaining a fixed ratio of 70:30. For
all tasks in Figs. 6(b)–6(d) we see rapid improvement of per-
formance, with the testing accuracies rising values above 90%
with only 14 ROIs. In contrast, the saturation in performance for
higher ROI numbers and the lower accuracies for the testing data
compared to the ridge regression results in Figs. 6(b) and 6(c)
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Fig. 6. Photonic ELM rank and classification performance. (a)
Comparison between algebraic and effective ranks for different
number of ROIs. Classification performances for (b) breast cancer,
(c) handwritten digits tasks, and (d) iris. The dashed red line corre-
sponds to the ridge regression accuracy for each task.

indicate that our system’s complexity doesn’t scale in the same
degree as the size of the output layer as suggested by Fig. 6(a).

In conclusion, we fabricate a polymer stadium microcav-
ity and use it as a photonic ELM for wavelength-encoded
classification tasks. We access the high wavelength sensitiv-
ity of stadium microcavities by harnessing the light from their
leaky modes. Probing the cavity in this way gives control
over the number of readout nodes in the ELM. Our approach
provides a straight-forward strategy to scale up the network
size to the complexity of the dataset simply scaling up the
resonator size and the number of elements accessed from
the readout layer. We have demonstrated saturation accura-
cies >90% for all tested classification tasks with <15 read-
out nodes. Those accuracies are similar to other ELM im-
plementations [14,15] based on state-of-the-art PIC platforms,
while keeping a similar energy budget (∼510 𝑚𝐽/symbol) than
other state-of-the-art optical schemes [24]. A clear direction
to improve our ELM scheme is to integrate tunable weights
based on thermo-optic effects with our passive microcavities.
This would not only increase the energy efficiency by in-
creasing the information injection bandwidth but would ad-
ditionally enable the encoding of cross-terms in multi-feature
classification tasks, which is expected to improve the classifi-
cation performances. Moreover, SU8 has a high thermo-optic
tunable coefficient and is therefore a good platform for active
control via thermal heaters, potentially overcoming the band-
width limitations of this technology reported for silicon PICs,
leading to significant parameters drift as the overall chip temper-
ature rises because of continuous heat flow [14,25]. Further, the
saturation accuracies with only ∼10 elements in the readout layer
are crucial for further hybrid integration of our photonic ELM
with chip-scale photodetection modules for fast optoelectronic

readout of the network. In this respect, a key advantage for our
approach is the ready compatibility with grayscale fabrication
techniques enabling the microfabrication of off-plane broadband
coupling mirrors [26]. Crucially, both polymer-based stadium
microcavities and mirrors are wavelength agnostic (our system’s
material is transparent in a broad range of wavelengths span-
ning from visible to infrared), making an appealing platform for
applications ranging from biophotonics to telecommunications.
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