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We present an opto-electronic Ising machine that uses a spatial light modulator to implement a large
number of spatially multiplexed analog spins. Such Ising machines are for example intended for training
Al faster. The system employs gradient-descent feedback to minimize the Ising energy and operates using
only off-the-shelf optical components. We demonstrate its functionality by solving a 10x10
antiferromagnetic Ising problem, where the spin amplitudes bifurcate and converge to the expected ground-
state configuration. The approach is readily scalable to 10.000 spins, and further miniaturization of pixel
groups on the SLM and camera will enable future implementations with millions of spins.

Introduction

With computers playing a central role in our daily lives, the demand for computational resources has grown
significantly and this trend is expected to keep growing during the coming years [1].
This continuing growth has put pressure on existing computing architectures, both in terms of performance
and energy consumption. To relief this pressure from these conventional hardware systems, and thus find
faster and more energy efficient approaches, alternative computing paradigms are being explored. One
promising alternative approach is the Ising machine (IM). This machine has emerged as a promising
candidate for tackling complex optimization problems in a more time- and energy-efficient manner [2].
Examples of such optimization problems are route optimization [3], cryptography [4] or the training of
Artificial Intelligence [5]. This physics-based system leverages principles rooted in statistical physics and
offers a fundamentally different approach to computation, one that may provide scalable and sustainable
solutions where conventional systems fall short.

Ising machine
The general operating principle of an Ising machine (IM) relies on the mathematical insight that the cost
function of a combinatorial optimization problem can be mapped onto the Ising Hamiltonian:
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where g; = +1 are binary variables named the Ising spins, J;; represents the coupling strength between the
different spins o; and o}, and h; is the bias of these spins. Our system consists out of N spins. When the
optimization problem is encoded in the interconnection matrix
Jij and in the bias terms h;, the ground state spin
configuration & = {0y, 05, ..., gy} corresponds to the optimum
solution of the problem at hand. To have a better idea how such
a network of spins could look, Figure 1 is introduced. The spins
in this figure are arranged on a squared lattice, and all the
neighboring spins are connected.

Not all IMs however use binary physical quantities to represent
the spins: analog Ising machines make use of continuous
quantities to represent the spins. These physical quantities, for
example the light intensity, can then be mapped to the analog
Ising spins x;. The energy of the spin network is calculated by Figure 1: Example of an Ising spin network.
mapping the analog spins to the binary spins via g; = sign(x;), [he spins o; can be +1 or -1 and every spin
whereafter Equation (1) is used to find the energy. is connected by a coupling strength J;;. The

coupling strength for non-neighboring spins,
Analog IMs have been demonstrated to efficiently find the depicted in  gray, is zero for the
ground state energy of the Ising model. They do this by antiferromagnetic Ising problem.




implementing a gradient descent-based feedback signal that minimizes their Ising energy. Particularly,
analog optical hardware implementations are promising as they potentially offer higher bandwidth, higher
energy-efficiency and lower latency than electronic IM implementations. Examples of this type of IM are
the coherent Ising machine (CIM) [6] and the opto-electronic IM (OEO-IM) from our research group [7].
However, as these systems are designed to operate in a time-multiplexed manner, they both struggle to
implement large-scale problems without introducing significant time delays. To address this limitation, we
propose and implement a novel analog optical IM using a spatial light modulator (SLM). This design is
inspired on the spatial photonic Ising machine (SPIM) [8] but differs from it by using analog spin variables
instead of binary ones and by using gradient descent-based feedback instead of Metropolis—Hastings
sampling. By spatially multiplexing the different spins as different (groups of) pixels on the SLM, this
SLM-based IM can handle optimization problems with millions of spins.

When the IM is switched on, the analog spins are allowed to evolve freely. The temporal evolution of the
spin amplitudes can be described by the general set of dimensionless equations
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where F is a nonlinear function, « the linear feedback gain of the system, and f the strength of the
coupling between the spins. The term { represents Gaussian noise. The nonlinear function F corresponds
to the nonlinear nature of the physical Ising machine that we are using. For example, for an electro-optic
IM where the output of the system is clipped to a maximum amplitude, the spin amplitudes’ evolution
equation is then given by

dx;
dt
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In the opto-electronic IM we designed, these spin amplitudes are first initialized to be zero, whereafter
they bifurcate to a maximal amplitude due to an electronically induced feedback, represented by the terms
ax; + f X ];;x; in the equation above.
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Figure 2: scheme of the SLM-based IM (a) and example image of 10 by 10 spins as captured by the CCD (b)

The experimental setup

Our setup, see Figure 2(a), consists of 4 main optical components: a LED, a polarizer, an SLM and a camera.
First, the light passes the lens L1, an aperture and the lens L2. These components form a Keplerian beam
expander to uniformly illuminate the beamsplitter BS. This light passes through the BS and the polarizer
which polarizes the light at a 45° angle relative to the director axis of the SLM. The beam then reflects off
the SLM-display, inducing a change in the beam’s polarization due to the birefringence of the liquid crystals
inside the SLM and the voltage addressed to each pixel. The reflected light beam passes through the initial
polarizer again, enabling a spatial amplitude modulation of the beam profile. The modulated light beam is
directed to the camera with the aid of the BS and the lens L3. This results in the camera capturing an image
of the beam similar to the one shown in Figure 2(b). Every bright spot represents an individual spin. The
amplitude of each spin variable is extracted by a computer by taking the average light intensity of the spins’
spot on the image. This intensity is used to generate the electronic signal that drives the SLM, closing the
feedback loop. The intensity modulation follows a tanh(6) characteristic, where 0 represents the feedback
signal, giving the spin variables a similar dynamical evolution equation as stated by Equation (3).



To demonstrate the setup, we solve the antiferromagnetic Ising problem of 10 by 10 spins placed on a
squared lattice. All the neighboring spins are antiferromagnetically coupled, i.e. J;; = —1, and the
interaction between the spins which are not direct neighbors from each other is J;; = 0 as is depicted in
Figure 1. The solution of this problem corresponds to a checkerboard pattern, such that every spin o; is
surrounded by spins with the opposite sign. We initialize 100 spin amplitudes at x; = 0. Letting the system
evolve throughout time with @ = 194.42 and = 155.54 results in the spin amplitudes x; depicted in
Figure 3(a). We observe that the spin amplitudes are correctly initialized around 0 and show no sign of a
checkerboard pattern after 50 iterations as is depicted in Figure 3(c). After 150 iterations we observe that
the spins start to bifurcate in Figure 3(a), while at the mean time some structures start to appear in Figure
3(d). Finally, we reach the ground state energy after 200 iterations and a clear checkerboard pattern becomes
visible in Figure 3(e). Figure 3(b) shows the Ising energy calculated with Equation (1) and we observe that
the ground state energy is reached.
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Figure 3: The spin amplitudes x; throughout different iterations of our IM setup while solving the antiferromagnetic

Ising problem of 10 by 10 spins. (a) displays the spin amplitudes x; throughout the different iterations n. (b) depicts

the energy of the network, computed with Equation (1), when it eventually reaches its ground state energy GS=-200.

(c-d-e) show the Ising spins at three different iterations. The spin amplitudes start with values around 0 and finally
end up in a checkerboard pattern.

Conclusion and Discussion

In summary, a new opto-electronic Ising machine is presented that is constructed out of off-the-shelf
components. This Ising machine uses gradient descent-based feedback to reach the ground-state solution
while making use of an SLM such that the Ising spins are spatially multiplexed. We find that the spins
bifurcate as expected and that the ground state solution of the investigated problem is reached. Although
this paper only presents a simple Ising problem, it is easily possible to change the coupling matrix /;; and
thus solve more complex problems. The amount of spins can be easily scaled to 10 000 since we are
currently using only a small fraction of the SLM and CCD display. In the future, we plan to increase the
number of spins by 3 orders of magnitude. This will be achieved by decreasing the amount of SLM and
CCD pixels necessary to represent one spin, such that we can fit more spins on the SLM and CCD surface.
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