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ABSTRACT

Nonlinear optical kernel machines enable parallel processing of complex, nonlinear data, achieving optimal performance when

the kernel nonlinearity is tailored to a specific task. However, in conventional nonlinear optical approaches, adjusting the

kernel nonlinearity typically requires varying the optical power. To overcome this issue, we present an optical kernel with

structural nonlinearity that can be continuously tuned at low power. It is implemented in a linear optical scattering cavity with a

reconfigurable micro-mirror array. By tuning the degree of nonlinearity through multiple scattering, we vary the kernel sensitivity

and information capacity. We further optimize the kernel nonlinearity to best approximate parity functions from first order to fifth

order for binary variables. Our scheme offers potential applicability across photonic platforms, providing programmable kernels

with high performance and low power consumption.

1 | Introduction

Kernel machine learning is a powerful approach to learning com-
plex, nonlinear patterns by mapping data to higher-dimensional
spaces [1-5]. It is highly effective with limited data, offering
strong performance, robustness, and good generalization [6-8].
Kernel methods are especially advantageous when the relation-
ships in the data are not linearly separable. However, they
often scale poorly with large datasets because kernel matrices
grow quadratically with the number of samples, leading to high
memory and computation costs [3, 5, 9].

Optical implementation of kernel machine learning involves
the realization of kernel-based computations directly with light.
These implementations can achieve extremely high-speed par-
allel processing (“high throughput”) with significantly reduced
energy consumption [10-17]. This makes them ideal for edge
computing scenarios where latency and power efficiency are
critical, such as high-speed signal classification [13, 18-23],
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chaotic system prediction [11, 12, 24, 25], signal recovery in optical
communication [26-28], and ultrafast image or spectrum recog-
nition [29, 30]. However, free-space optical systems often suffer
from alignment sensitivity, and on-chip ones from fabrication
imperfections and limited reconfigurability.

To build a feature-space embedding best suited for a specific task,
we explore an optical kernel machine with tunable nonlinearity.
In particular, we utilize the structural nonlinearity in a linear
multiple-scattering cavity because it allows tuning the nonlinear
order without the need to changing optical power [31, 32]. By
encoding the input to the scattering structure rather than the
illumination light, the output light of the cavity has a nonlinear
relation with the input even without material or detection
nonlinearities. The order of structural nonlinearity can be tuned
continuously with cavity parameters at constant low power.

We present two methods of tuning the structural nonlinearity
and show that stronger nonlinearity leads to higher sensitivity
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of the kernel output to the input change. This allows us to
tune the kernel sensitivity for the learning task. High sensitivity
leads to high variance and low bias; thus, the kernel is very
flexible and can capture intricate nonlinear patterns in the data.
A less sensitive kernel, on the other hand, is more rigid and
robust to noise. We find that the information capacity of our
optical kernel grows with structural nonlinearity. Information
capacity is a measure of the expressive power of the kernel
that reflects the complexity of the functions it can represent. By
tuning the structural nonlinearity, we show that the nonlinear
optical kernel can best approximate target nonlinear functions of
varying complexity, e.g., parity functions of different orders for
binary inputs.

2 | Tunable Optical Kernel
2.1 | Multiple-Scattering Cavity

There are different ways of realizing structural nonlinearity,
which have been used for optical implementation of artificial
neural networks [32-41]. We use a multiple-scattering cavity to
achieve a nonlinear mapping between the scattering potential
and the output light [31].

Our experimental setup is shown schematically in Figure 1la. A
continuous-wave linearly-polarized light from a single-frequency
laser (Keysight Technologies 81940A in an 8163B lightwave main-
frame) at wavelength 4 = 1550 nm and power 21.3 mW is injected
into a spherical cavity of diameter 3.75 cm through a single-mode
fiber. The opposite side of the cavity wall has an open window
covered by a digital micro-mirror device (DMD). The DMD (Texas
Instruments DLP9000X) modulation area within the window has
1280 x 800 micro-mirrors, each of which can be flipped to either
+12° or —12°. The inner surface of the cavity is rough and highly
reflective. The input light is scattered multiple times by the cavity
wall and the DMD. Part of the light escapes from the cavity
through an opening and is directed by a mirror to an InGaAs
camera (Xenics Xeva FPA-640). A linear polarizer is placed in
front of the camera that records the output intensity pattern.

At low power, the output field E,; scales linearly with the input
field E;, and can be expressed in the Born series:

Ep = [V4+V(GV)+V(GV)? + -|Ey, 6))

where V represents optical scattering potential inside the cavity,
and G, describes free-space propagation between subsequent
bounces from cavity wall or DMD. The different orders of V' in
Equation (1) describe the number of bounces light experiences
before leaving the cavity. V' is the sum of the scattering potential
of the DMD V,; and that of the cavity wall V.,V =V, + V.. The
DMD is reconfigurable, each configuration producing a unique
output speckle pattern (Figure 1c). With multiple bounces from
the DMD, the mapping from V; to E, is nonlinear. We term such
nonlinearity as structural nonlinearity.

There are two ways of varying the degree of structural nonlin-
earity. One is changing the number of bounces off the DMD. It
can be realized by varying the lifetime of light inside the cavity
with tunable wall reflectivity. Since this is difficult to realize

experimentally, we numerically simulate a two-dimensional (2D)
cavity with adjustable wall reflectivity (Figure 1d) and show
in the following section the tuning of structural nonlinearity.
Another way to tune structural nonlinearity is by varying the
effective modulation area on the DMD. This will change the
relative weight of the reconfigurable scattering potential to the
fixed one (Figure 1b). A larger DMD modulation area leads to
a higher probability that light hits it in each bounce, resulting
in a stronger structural nonlinearity. This method is adopted in
our experiment.

2.2 | Structural Nonlinearity

The simplest way to characterize the strength of structural
nonlinearity is to quantify its deviation from linear regression.
In our numerical simulation of the 2D scattering cavity, the wall
reflectivity is set to r = 0.51,0.78,0.92,0.97, 1. For binary inputs
(+1) to 12 switchable mirrors (+15°) in the cavity, the total num-
ber of mirror configurations is K = 2'2. For each configuration,
we calculate the one-dimensional output field pattern E,,(r) that
contains 42 speckle grains. Then we fit a linear model E,,, = W x,
where x represents the binary input, and quantify the deviation
with the coefficient of determination

_ Var(Eout B Eout)

R =1
Var(E,)

@

Figure 2a shows that R* decreases continuously with increasing
reflectivity r of the cavity wall. A higher reflectivity extends the
lifetime of light inside the cavity, allowing more bounces of light
off the mirror array before leaving the cavity, thus the output fields
contain more nonlinear orders.

Experimentally, we vary the DMD modulation area. A binary
pattern of dimension M is repeatedly written spatially to occupy
a certain percentage of the total area of the DMD. Outside this
area, the micro-mirrors are set to —1 (—12°). When the DMD
modulation area increases, the base pattern is fixed in size but is
repeated additional times. In Figure 1c, the base pattern contains
M = 10 x 10 macropixels, each comprising 16 x 10 pixels (micro-
mirrors). All pixels within a macropixel are set to the same
value of 1 (+12°) or -1 (—12°). The DMD modulation area is
set to 12.5%,25%, 50%,100%. Since the total number of DMD
configurations is too large (2!°°), we randomly sample K = 2000
patterns. The output intensity pattern recorded by the camera
contains 258 speckle grains.

Since part of the input light is not scattered by the DMD-
modulated area at all, its output forms a constant background.
This background field E,, contributes to a linear response of the
output intensity to the DMD pattern. We denote the output field
that varies with the DMD configuration as E,,,4, and the total
output field E,; = Epg + Eppoq- Thus, the output intensity is

Ioul = |Ebg|2 + |Emod|2 + ZRB[E;gEmodL (3)

The interference between the background and modulated fields
leads to the cross term that scales linearly with E 4. The
background intensity I, = IEng2 + (|Emoal*)x is obtained by
averaging the output intensity over random inputs to the DMD,
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FIGURE 1 | Programmable nonlinear optical kernel. (a) Schematic of experimental implementation of the kernel in a linear scattering cavity. Input

light at 2 = 1550 nm is scattered by the rough cavity wall and a reconfigurable micro-mirror array (DMD). Part of the output light is recorded by a CCD
camera. (b) Four binary masks written to the DMD. The micro-mirrors (pixels) tilt at angles of +12° and —12°, redirecting incident light in 2 directions,
each representing 1 and —1 in the input pattern. A representative base pattern with 10 x 10 macropixels is repeated to occupy 100%, 50%, 25%, 12.5%
area of the DMD. (c) Measured speckle intensity pattern of output light from the scattering cavity. (d) Schematic of numerically-simulated 2D scattering
cavity with varying reflectivity of the wall. The cavity dimension is 1304 x 604. One side of the cavity wall is covered by 12 mirrors, each of which can be

flipped to +15° or +15° angle.

and is subtracted from I . Since E . contains the single
scattering term that scales linearly with V; (Equation 1), I, — Ig
has a linear term of V.

In Figure 2b, as the DMD modulation area increases, Io, — Iy,
shows a stronger deviation from linear regression with DMD
inputs. This reflects a stronger structural nonlinearity with a
larger DMD modulation area.

A more quantitative assessment of the structural nonlinearity can
be done with Boolean function analysis [42]. For binary inputs x
of dimension M, any output y can be decomposed into terms of
different orders:

¢=f(x17""xM)

M M m-1
_ .0 (1) 2)
=c”+ )l Xy DD Co oy Xy X,
my=1 my=2mp=1
(M)
Fode, XXy Xy 4

where x,, is the m-th element of the input, and cE,’fl) ..m, is the n-

th order coefficient of the term x,, --- x,, . The magnitude of the

coefficient represents the contribution of the corresponding term
to the output. Therefore, to evaluate the contributions of different
orders, we summed the absolute value of the coefficients for each
n:

©)

&m

where m abbreviates m,,...,m,, and 65:,’) is the normalized

coefficient

C(n)
o N— 6)

- 0
> X lom

The results of the Boolean function analysis will be presented in
a later section on kernel regression.

2.3 | Kernel Expressivity

Our multiple-scattering cavity performs a nonlinear random
projection that embeds the dataset into a high-dimensional
feature space, i.e., a random feature map. Here, we evaluate
how sensitive the output speckle pattern is to the input change.
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FIGURE 2 | Tunable structural nonlinearity in a linear multiple-
scattering cavity. Linear regression of cavity input-output mapping gives
the coefficient of determination R?. (a) In the numerically-simulated 2D
cavity, R?> decreases with increasing cavity wall reflectivity. (b) In the
experimental 3D cavity, R drops as the DMD modulated area increases.
The decrease of R? is a result of enhanced structural nonlinearity.

The change in input or output is quantified by the normalized
correlation function:

Z, -2,

C(zl’ ZZ) = El
(222 (2] - 212

@)

where z,, z, represent a pair of input or output vectors.

For the simulated 2D scattering cavity, the input pattern on the
12 mirrors is a binary vector of dimension 12. The output field
pattern E,(r), which has 42 speckle grains, is sampled at 549
positions, producing a complex vector of dimension 549. Then
the mean output field from K = 2!? samples (E,, ) is subtracted
from the output field E,, to obtain the feature map (output
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FIGURE 3 | Output sensitivity to input change. (a) Real part of the
correlation between output field patterns for different mirror configu-
rations increases with the correlation between input patterns (mirror
configurations) in the simulated 2D cavity with wall reflectivity of 0.92
(blue) and 0.51 (purple). The black dashed curve is for linear input-output
mapping. For higher wall reflectivity, the curve deviates more from the
linear mapping due to stronger structural nonlinearity. (b) Correlation of
output intensity patterns from the experimental 3D cavity increases with
the correlation of input patterns on the DMD with the modulation area
of 100% (blue), 50% (orange), and 12.5% (purple). More deviations from
the linear mapping (black dashed line) result from stronger structural
nonlinearity at larger DMD modulation area.

vectors) ¢ = E,, = Eyy — (Eou)x- The cross-correlation of two
output vectors corresponding to different mirror configurations
(input vectors) is, in general, a complex number, but its imaginary
part vanishes when the number of speckle grains is very large.
This is because mathematically C; (¢, 9,) = Cou(@,, 1) and
statistically Cy, (¢4, ®1) = Cou(®1, @,) for random output fields.

In Figure 3a, we plot the real part of the output field correlation
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Re[C,,] versus the input correlation C;,, for weak and strong
structural nonlinearity (corresponding to low and high cavity
wall reflectivity). Note that a linear feature map would imply a
linear relationship between C;, and Re[C,,] (black dashed line).
Both curves start at (1, 1) since identical inputs produce identical
outputs. As the input correlation decreases, the output correlation
falls more rapidly with stronger structural nonlinearity. The accel-
erated output decorrelation indicates higher output sensitivity to
input change, namely, the kernel nonlinearity is enhanced by
structural nonlinearity. Both curves pass through (0,0), which
means that uncorrelated inputs generate uncorrelated outputs.
As the input correlation becomes negative, the output corre-
lation also goes negative, but with a smaller magnitude. This
indicates that the nonlinear input-output mapping contains
polynomial terms of even order, i.e., x" with even n. With stronger
nonlinearity, there are more terms with even order, and the
output correlation further deviates from —1 when the input is
anti-correlated (C;, = —1).

Next, we switch to the experimental three-dimensional (3D)
scattering cavity. For a base pattern of dimension M on the
DMD, the input binary vector is of dimension M. The 2D output
intensity pattern is converted into a 1D vector of dimension
N. The mean intensity of all outputs from K samples (I, )x
is subtracted from the output intensity I,,, and the resulting
zero-mean intensity is used as the feature map ¢ = I, = I —
(Iyut)x- Figure 3b shows the correlation of the output intensity
C,u as a function of the input correlation C;,, for different
DMD modulation areas. With a larger modulation area, the
stronger structural nonlinearity makes the curve deviate more
from the straight line for linear input-output mapping. The
output’s reduced correlation or memory of the input allows a
more diverse response of the kernel machine.

The high sensitivity of output to input change reflects the high
expressivity of a kernel machine, which leads to large variance
and low bias. While high variance means that the model is very
flexible and can capture intricate, nonlinear patterns in the data,
it is also highly sensitive to minor fluctuations and noise in the
training set. In contrast, low sensitivity leads to high bias and
low variance. A less sensitive model is more rigid and makes
stronger assumptions about the data, which may cause it to miss
important patterns.

Our kernel sensitivity can be tuned and optimized for a specific
task, depending on the task’s complexity and the noise level of the
dataset. This will make the kernel machine accurate for the task
without overfitting.

2.4 | Information Capacity

In this section, we consider the information capacity of the
nonlinear kernel. Information capacity [43] characterizes the
number of independent, noise-resolvable output modes of the
kernel [44, 45]. It informs the performance and complexity
trade-offs of kernel machines, primarily through the Information
Bottleneck principle [46]. By viewing a kernel machine as a
communication channel, the concept of capacity helps regulate
the amount of relevant information preserved by the kernel,
thereby influencing generalization and complexity [47].

Information capacity is defined from the singular value spectrum
of responses ¢ (cavity outputs) under a constant signal-to-
noise ratio (SNR). Specifically, the responses (output fields or
intensities) {¢,} to K random binary inputs are assembled into
a response matrix

<I)=[¢l’ ¢2""’ ¢K] (8)
The singular value decomposition of the response matrix gives:

d=U3VT, T = diag(oy, 05, ...,0,). 9)
where s is the number of singular values. We normalize the
singular values

6= —— (10)

s 2
20

Consider additive white noise and Q the signal-to-noise ratio
(SNR), the information capacity is given by [43]

P =) log(1+Q&}). (11)
i=1

This quantity is the effective number of channels of the kernel
above the noise level, which is closely related to the expressive
capacity of physical learning machines [47]. This is also closely
connected to the degrees of freedom of the kernel, a quantity often
appearing in the statistical analysis of kernel ridge regression and
providing a notion of the effective dimension of the kernel feature
space [48, 49].

The information capacity P for the simulated 2D scattering cavity
is shown in Figure 4a as a function of the cavity wall reflectivity r
for Q =10, 100. P increases with r, indicating that the structural
nonlinearity increases the information capacity. Higher SNR
leads to larger information capacity, as expected. Figure 4b shows
that the information capacity P of the experimental 3D scattering
cavity increases with the DMD modulation area. Again, a higher
nonlinearity yields a larger information capacity, as more singular
modes become significant above the noise level. Here, the SNR
of 21.1 is calculated from the ratio between input-induced and
noise-induced intensity fluctuation of cavity output (see details
in Section S1). These results demonstrate that the tuning of the
structural nonlinearity controls the channel capacity and degrees
of freedom of the kernel.

3 | Kernel Regression

The key idea of kernel regression is to map inputs to a high-
dimensional feature space, where the target can be extracted with
a linear model [3, 50]. We employ our multiple-scattering cavity
for the physical mapping of the inputs on the DMD to the feature
space of output speckles, replacing the digital computation with
optical measurements. Then, a linear regression from the feature
space (speckle pattern) is performed to estimate the target func-
tion. Since only a linear model is applied in the digital domain,
the nonlinear capacity of the kernel regression originates from
the physical kernel. Instead of using materials with nonlinear
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FIGURE 4 | Information capacity of the multiple-scattering cavity.
(a) Information capacity increases with the wall reflectivity of the
simulated 2D cavity. SNR = 100 (blue) leads to a larger information
capacity than SNR = 10 (orange). (b) Information capacity increases with
the DMD modulation area in the experimental 3D cavity with SNR = 21.1.

optical responses [51-63] or optical-electronic conversion [64, 65],
the programmable nonlinearity in our cavity allows changing the
characteristics of the feature space mapping, providing a distinct
advantage of optimizing the kernel for different target functions.

As an example, we consider the parity function of varying
order, also known as sparse parity, as the target function. For
binary variables x; = —1or1,i=1,2,....M, the d-th order or d-
sparse parity function is f(x) = Hlex,-. This function is highly
variable and is notoriously difficult to learn with a kernel method,
especially when the order d is equal to the input dimension M [66,

67]. Therefore, it provides an ideal testbed to study the degree of
nonlinearity implemented by our optical kernel.

We start with the input dimension M =9 by uploading 3 X
3 binary patterns to the DMD. We record the output speckle
patterns of the 3D scattering cavity for all possible input patterns
(K =2°). During measurement, a reference input pattern is
periodically uploaded to the DMD, and the output intensity
pattern is recorded to ensure it remains highly correlated during
the entire acquisition (see Section S2 for more details). The order
of input patterns is randomized to further minimize any influence
of temporal drift of the output pattern. The output intensity
pattern recorded by our camera contains about 5300 speckles, but
we use only 55 speckles in a central square for parity functions of
orderd = 1,2, 3. For output patterns, we randomly choose 90% for
training of the linear regression and the remaining 10% for testing.
Performance is quantified by the root-mean-square error (RMSE)
on the test set:

Niest

Z(yj _f(xj))

Jj=1

1
N,

test

2
RMSE,. = , (12)

where N, is the number of test patterns, f(x ;) is the prediction,
and y; is the ground truth.

To minimize the test error for a parity function of a specific
order, we optimize the kernel nonlinearity by varying the DMD
modulation area. For the first-order parity function f(x) = x,,
the test error RMSE,, is minimum at the smallest (25%) DMD
modulation area (Figure 5a). This is because a smaller area gener-
ates a more linear input-output relation, which better matches the
linear target function. This is further confirmed in the Boolean
function analysis [42]. As shown in Figure 5d, the first-order
contribution S, to kernel output is larger at a smaller DMD modu-
lation area. When the target function becomes nonlinear, e.g., the
second-order parity function f(x) = x; x,, the test error RMSE,;
first decreases and then increases with the DMD modulation
area (Figure 5b). The Boolean function analysis reveals that the
second-order contribution S, to the kernel output first increases
and then slightly decreases with the modulation area (Figure 5e).
With 75% of the DMD area being modulated, S, reaches the
maximum, and the kernel best approximates the second-order
parity function. The non-monotonic change of error with the
DMD modulation area illustrates that the kernel performance
is maximized when the kernel nonlinearity matches that of the
target. The kernel with too weak nonlinearity (smaller DMD area)
underfits, while a kernel with too strong nonlinearity (larger
DMD area) overfits. This is further confirmed in our numerical
simulation presented in Section S3. For a higher-order nonlinear
function, e.g., the third-order parity function f(x)= x; x, X3,
the test error RMSE,; decreases monotonically with increasing
modulation area (Figure 5c). According to the Boolean function
analysis, the third-order contribution S; to the kernel output
increases monotonically with the modulation area (Figure 5f).
Hence, stronger structural nonlinearity can better approximate
higher-order parity functions. We note that our current kernel
regression overfits, but in the benign regime, as explained in
Section S3.
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FIGURE 5 | Kernel regression to parity functions of varying order. The experimental 3D scattering cavity serves as a kernel by providing a high-

dimensional feature map that maps input patterns on the DMD to optical intensity patterns at cavity output. Binary patterns (xy, x,, ..., Xq9) are uploaded
to the DMD, and repeated multiple times to occupy a certain percentage of the entire modulation area. Two-dimensional output intensity pattern
(consisting of approximately 55 speckles) is linearly regressed (least square regression without regularization) to parity functions of first order f(x) = x;
in (a), second-order f(x) = x;x, in (b), and third-order f(x) = x;x,x3 in (c). The regression error is plotted as a function of the percentage of DMD
modulation area, which controls the kernel nonlinearity. (d-f) Magnitude sum of Boolean function coefficients of first order S; in (d), second-order S,
in (e), and third-order S; in (f) are computed for varying percentage of DMD modulation area [42]. The regression error for the parity function of order
d reaches the minimum at the DMD modulation area where S; is maximum. Kernel regression has the best performance when its nonlinearity, tuned

by the DMD modulation area, matches the order of the parity function.

In the above analysis, the input and output dimensions of the
kernel are fixed when varying the DMD modulation area. Next,
we set the DMD modulation area to 100%, and increase the
dimension of input patterns on the DMD to approximate higher-
order nonlinearity functions. We simultaneously vary the number
of output speckles to ensure that the output dimension is not
the limiting factor for the kernel performance. This is done by
changing the dimension of the central window in the camera
screen from which the intensity pattern is used as output.

Figure 6a shows the accuracy of kernel regression to the fourth-
order parity function for varying input and output dimensions.
Here, accuracy is defined as the percentage of correct binary
predictions on the test set. For a fixed dimension M of the input
pattern on the DMD, the accuracy increases with the output
speckle number and eventually reaches 100%. For a higher M,
a larger number of output speckles is needed to reach 100%
accuracy. The number of required speckles (output features)
scales as M¢ for a target function of nonlinear order d (see details
in Section S4). We checked experimentally that individual speckle

grains are statistically independent, thus using additional speck-
les increases the dimensionality of optical feature space (details
in Section S5). Although a smaller M requires a lower output
dimension to approximate the fourth-order parity function, it
cannot approximate the fifth-order parity function accurately,
no matter how large the output dimension is. This is illustrated
in Figure 6b, where the accuracy stays around 50% for M = 9.
In contrast, the input dimension of M = 14 can approximate
the fifth-order parity function with 91.8% accuracy when the
number of output speckle grains is 4330. The observed trend
suggests that the accuracy will further increase with the output
dimension. This result confirms that a larger input dimension
can approximate more complex functions. Finally, we also try to
approximate the sixth-order parity function with M = 14, 16, but
the accuracy remains low when the number of output speckle
grains is increased to ~4000.

We note that a linear scattering system with input encoded in
the incident field pattern only has second-order nonlinearity
when the output intensity pattern is measured. Hence, it can-
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FIGURE 6 | Kernel regression with different input and output
dimensions, targeting higher-order parity functions experimentally. (a)
Kernel regression to the fourth-order parity function f(x) = xx;Xx3%4
with binary inputs (x;, X,, ..., X)) of dimensions M =9,12,14. As the
number of output speckle grains increases, the accuracy of kernel
prediction increases, eventually reaching 100%. A larger input dimension
requires more speckle grains to perform the target function. (b) Kernel
regression to the fifth-order parity function with input dimensions M =
9,14. The kernel accuracy for M = 14 reaches 91.8% with 4330 speckle
grains (features), but for M = 9 the accuracy stays around 50% as the
number of output features (speckle grains) increases. In (a,b), the linear
regression from output feature space (speckle pattern) is done with ridge
regression with a relative ridge factor of 1073.

not approximate parity functions of order exceeding 2. Prior
photonic reservoir and neuromorphic computing systems that
used XOR/parity-type benchmarks reached up to the 4-bit with
~ 80% accuracy in Ref. [68]. Our optical kernel based on a
multiple-scattering cavity reaches 5-bit with > 90% accuracy.

We evaluate the robustness of our optical kernel to experimental
noise and perturbations by imposing random modifications of
the DMD input patterns (randomly flipping a small fraction of
micromirrors). The experimental results, shown in Section S6,
reveal that the kernel robustness depends strongly on the target

complexity, a linear target tolerating more perturbations than
nonlinear ones. We further estimate the operation speed and
power consumption of our optical kernel, as detailed in Section S7
and S8.

4 | Discussion and Conclusion

We have presented an optical kernel machine with programmable
nonlinearity. It is implemented in a linear multiple-scattering
cavity with spatial modulation of the scattering structure. By
varying the number of times light is scattered by the modulated
structure, the nonlinear strength is tuned continuously at con-
stant low power. The kernel sensitivity and information capacity
increase with the nonlinearity. This allows us to optimize the
kernel nonlinearity to best approximate the parity functions of
varying order for binary inputs. For sufficient input and output
dimensions, our kernel can approximate the fifth-order parity
function that is highly variable and nonlinear. These results not
only show the capability of our kernel in approximating complex
nonlinear functions, but also reveal the power of adapting the
kernel nonlinearity for diverse learning tasks.

Compared to optical kernels based on material nonlinearity,
our kernel with structural nonlinearity can offer higher-order
nonlinearity without power increase. Widely used material non-
linearities are of second and third order, mainly limited by
the peak power of optical pulses. In our case, the structural
nonlinearity is up to the fifth order, even using a continuous wave.
A key difference between material and structure nonlinearities
is their scaling with power. For the second-order material non-
linearity, the optical signal decreases quadratically with pump
power, and for the third-order, the decrease is cubic. However,
for the structural nonlinearity, the output power is independent
of the nonlinear order and scales linearly with the input power.
Even a single input photon will undergo multiple scattering
in our cavity and experience high-order structural nonlinearity.
Moreover, y® and y® nonlinear materials often generate optical
signals at different wavelengths from the input, making it difficult
to chain the nonlinear processors to realize full optical deep
neural networks. In contrast, the structural nonlinearity does
not change the signal wavelength and may achieve comparable
expressivity in a much simpler framework.

Our kernel nonlinearity can be further enhanced by optimizing
the cavity design to increase the photon lifetime or the DMD
modulation area. This will allow the kernel to approximate
more complex functions of higher-order nonlinearity, e.g., parity
functions of sixth-order and higher. Furthermore, by minimizing
the cavity loss and maximizing output collection efficiency, the
optical power may be reduced by orders of magnitude. Further
power reduction is possible by using a more sensitive camera
(see details in Section S8). In the current experiment, the light
input to the scattering cavity is monochromatic. If it is replaced
by a broadband light or optical pulses, the feature space of
the kernel can be further expanded by spectral or temporal
multiplexing [69]. This will increase the expressive power of
the kernel. Finally, real-time in situ optimization of structural
nonlinearity can be incorporated into the training process by
taking the modulation area as one of the parameters that can
be trained. The training steps will alternate between fitting the
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readout weights via linear regression and updating the DMD
modulation area to match the kernel’s nonlinear order to that
of the task. This will enable a low-power, programmable optical
kernel with target-adaptive nonlinear response.
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