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Artificial intelligence (Al) and combinatorial optimization drive applications across

science and industry, but their increasing energy demands challenge the sustainability
of digital computing. Most unconventional computing systems'” target either Al or
optimization workloads and rely on frequent, energy-intensive digital conversions,
limiting efficiency. These systems also face application-hardware mismatches, whether
handling memory-bottlenecked neural models, mapping real-world optimization
problems or contending with inherent analog noise. Here we introduce an analog
optical computer (AOC) that combines analog electronics and three-dimensional
optics toaccelerate Alinference and combinatorial optimization in a single platform.
This dual-domain capability is enabled by a rapid fixed-point search, which avoids
digital conversions and enhances noise robustness. With this fixed-point abstraction,
the AOC implements emerging compute-bound neural models with recursive
reasoning potential and realizes an advanced gradient-descent approach for
expressive optimization. We demonstrate the benefits of co-designing the hardware
and abstraction, echoing the co-evolution of digital accelerators and deep learning
models, through four case studies: image classification, nonlinear regression, medical
image reconstruction and financial transaction settlement. Built with scalable,
consumer-grade technologies, the AOC paves a promising path for faster and
sustainable computing. Its native support for iterative, compute-intensive models
offers ascalable analog platform for fostering future innovationin Aland

optimization.

Computing today is digital, but analog has a future. Exponential
advances in digital hardware have both driven and benefited from
the rise of artificial intelligence (Al), but its escalating energy and
latency demands push digital specialization to its limits®. Analog
approaches—leveraging optics'*?, analog electronic crossbars>®
and quantum annealers’—promise orders-of-magnitude gains in
efficiency and speed. Existing hardware demonstrations focus either
onAlinference' >, which accounts for 90% of energy in commercial
deployments™, or combinatorial optimization””, but none efficiently
accelerate both on the same analog hardware.

Here we introduce the analog optical computer (AOC), a non-
traditional computing platform designed for both Alinference and
combinatorial optimization. By combining optical and analog elec-
tronic components within afeedback loop, the AOC rapidly performs
afixed-point search without digital conversions. Ineachloopiteration
of approximately 20 ns, optics handle matrix-vector multiplications,
whereas analog electronics performnonlinear operations, subtraction
and annealing (Fig. 1a-c). Over multiple iterations, the fixed-point

nature of the AOC enhances noise robustness, which is essential for
analog hardware.

The AOC’s fully analog architecture and fixed-point abstraction
address two key challenges in unconventional computing. First, hybrid
architectures typically accelerate linear operations butrely on digital
nonlinearities, resulting in energy-intensive conversions*®, which are
eliminatedinthe AOC. Second, they often face anapplication-hardware
gap: memory-bound Al models are hard to accelerate, and prevalent
binary optimization formulations limit practical applicability’. With
its unifying fixed-point abstraction, the AOC closes this gap (Fig.1d,e).

For inference, the AOC accelerates emerging iterative models,
including fixed-point models such as deep-equilibrium networks",
which are compute-bound and costly on digital chips but naturally
suited for the AOC. These models enable iterative reasoning with
dynamic inference time computation’®?, For optimization, the AOC
supports quadratic unconstrained mixed optimization (QUMO), aflex-
ible formulation with binary and continuous variables that captures
real-world problems®.
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Fig.1|The AOCanditsapplications. a, Aschematic of the AOC hardware
architecture with key components1-4.b, The AOC hardware architecture.
c,Key hardware components. The microLED array (1) is the light source and
represents neural network activations or optimization variables. The spatial
light modulator (2) stores neural network weights or optimization problem
coefficients, and multiplies them with theincoming light. The photodetector
array (3) adds and transfers optical signalsinto the analog electronic domain.
The nonlinearity, subtraction, annealing and other computations are applied
inanalogelectronics (4).d, MLinference as afixed-point search. The AOC
hardwareis used to accelerate ML inference, using an ML equilibrium model

The current small-scale AOC accelerates equilibrium models with
up to4,096 weights at 9-bit precision, performing image classification
and nonlinear regression tasks (Fig. 1f). Toenable these inference tasks,
we designadifferentiable digital twin (AOC-DT) that achieves over 99%
correspondence with the physical hardware. For optimization, the AOC
solves QUMO problems with up to 64 variables, tackling real-world
applications such as medical image reconstruction and financial trans-
action settlement. The AOC-DT is used to demonstrate scalable solu-
tions for industrial problems, such as reconstruction of a brain scan
with over 200,000 problem variables. Compared with well-known
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that entails finding their fixed points. e, Quadratic optimization as a fixed-
pointsearch. Aschematic of the convergence to minima over time for an
optimization problem with continuous (horizontal bars) and binary (vertical
arrows) variables, experiencing gradients (red) from other variables until
convergence to the fixed point (green). f, Applications realized on the AOC
hardware. The AOC hardware performsinference for MNIST and Fashion-
MNIST classification tasks and nonlinear regression, and also solves industrial
optimization problems, including medicalimage reconstruction and transaction
settlementbetween financial institutions.

heuristics? and commercial solvers?, we set state-of-the-art results on
several instances fromastandard quadratic optimization benchmark?®.

Designed with consumer-grade optical and electronic components,
the AOC leverages mature manufacturing processes, with future scal-
ability relying on tighter coupling of integrated analog electronics
withintegrated three-dimensional (3D) optics. By eliminating digital-
analog conversions and merging compute and memory to bypass the
von Neumann bottleneck, the AOC can achieve substantial efficiency
gainsalbeit specialized. With projected performance around 500 tera-
operations per second (TOPS) per watt at 8-bit precision—over100-times



more efficient than leading graphics processing units (GPUs)**—the
AOC represents a promising step towards sustainable computing.

Fixed-point abstraction

The AOC hardware unifies machine learning (ML) inference and opti-
mization paradigms through an iterative fixed-point search.In ML, the
inference of equilibrium? and energy-based® models entails finding
their fixed points, whereas in optimization, objective minima repre-
sent fixed points of gradient-descent-based methods. The core AOC
abstraction realizes the following iterative update rule:

Se=a(t)s, + W f(s.) +y(s,~s, ) +b. (1)

At each iteration ¢, the continuous real-valued state vector s, € R¥
is updated to s,,;, with each iteration corresponding to a signal
round-trip timein hardware. Although equation (1) isdiscrete, the AOC
operates in a continuous clock-free manner. The annealing schedule
a(t) : [0, T1> R controls the state magnitude reduction per iteration,
similar to residual connections in neural networks®, where T'is the
number of timestepsin the annealing schedule. The factor S determines
the matrix-vector product scale, where the matrix Wencodes neural
network weights or an optimization problem, and f: RV > R" isan
element-wise nonlinear function. The coefficienty € (0, 1) introduces
momentumwhich, incontinuoustime, correspondsto the second-order
differential equation dynamics (Supplementary Information sec-
tion G.10), generalizing the AOC abstraction beyond first-order mod-
els such as Hopfield networks. The bias vector b € R" represents
additional problem-specific information.

The introduced fixed-point abstraction is ideally suited for analog
feedback devices, suchasthe AOC, asitis compute-bound, requires no
intermediate memory and is noise-tolerant: the attracting fixed point
pulls the trajectory closer at every iteration, counteracting analog
noise.

Hardware

The AOC hardware combines 3D optical and analog electronic tech-
nologies to accelerate all the compute operations in the fixed-point
abstraction described by equation (1): matrix-vector multiplication,
nonlinearity, annealing, addition and subtraction. In each fixed-point
iteration, the analog signal alternates between optical and electrical
domains, giving the system state s, a dual opto-electronic nature.

Matrix-vector multiplication occurs in the optical domain, where
the state vector s, is encoded in the light intensity of arrays of micro
light-emitting diodes (microLEDs), whereas the weight matrix Wis
represented by spatial light modulator (SLM) pixels (Fig. 1a). Light from
each microLED fans out across an SLM row for element-wise multipli-
cation, and the resulting light signals are summed column-wise by a
photodetector array?. In contrast to planar optical architectures, the
AOC leverages 3D optics with its efficient fan-in and fan-out of light
in the third dimension through the use of spherical and cylindrical
optics, thus enabling inherently parallel and scalable multiplication
operations of larger matrices.

Theresult of the optical matrix-vector multiplicationis measuredin
the electrical domainusingaphotodetector array, where the state vec-
tors,isrepresented asavoltage per detector. The remaining operations
in equation (1) are implemented via analog electronics: a hyperbolic
tangent (tanh) function for the element-wise nonlinearity, summing
and difference amplifiers for addition and subtraction of analog signals,
and variable gain amplifiers for the annealing schedule a(t) and the 8
factor. The circuit layout, with highlighted voltage readout position,
is detailed in Extended Data Fig. 3.

The AOC hardware executes the iterative update rule from several
to thousands of iterations until convergence to a fixed point, when

the signal amplitudes are read out digitally. This all-analog operation
minimizes the overhead of analog-to-digital conversions. The current
hardware includes 16 microLEDs and 16 photodetectors, supporting
alé6-variable state vector s,, along with two SLMs to handle positive
and negative entries of the matrix W (Fig. 1b,c). This configuration is
sufficient to supportinference for ML models and optimization tasks
with up to 256 weights and can extend to 4,096 weights via problem
decomposition, maintaining fully analog fixed-point iterations.

The AOC fixed-point abstraction targets abalance between general-
ity and efficient hardware implementation. Toillustrateits versatility,
theremainder of the paper presents four case studies highlighting how
equilibrium ML models can be applied to classification and regression
tasks, and how the QUMO paradigm canrepresent real-world applica-
tionsin finance and healthcare, while utilizing the same AOC hardware.

AOC for machine learning

Analog equilibrium model

The AOC supports neural equilibrium models, which have been
widely applied across various domains from language" to vision®.
Equilibrium models typically follow a fixed-point iterative updaterule,
s... = Network(s,), with examples including classic Hopfield networks*®
and their modernvariants®, as well as deep-equilibrium models”. These
models operate as self-recurrent neural networks with constant input,
driving the hidden state to a fixed point that represents the network
output (Fig.1d). Their dynamic depth enables recursive reasoning, leads
toimproved scaling laws*and enhances out-of-distribution generali-
zation compared with feedforward models'*. Recent self-recurrent
language models with billions of parameters show impressive rea-
soning capabilities, surpassing fixed-depth modelsin representation
power**¥, We demonstrate that the AOC supports models with such
recurrent nature and achieves greater out-of-distribution generaliza-
tion (Extended Data Fig. 6).

Asillustrated in Fig. 2a, the complete neural network architecture
includes an input projection (IP) layer, the equilibrium model and an
output projection (OP) layer. The network training is performed digi-
tally using the AOC-DT, whereas the equilibrium modelis deployed on
the AOC hardware for inference.

For equilibrium models, the fixed-point iterative update follows

from equation (1) by setting a(t) > a, y(¢t) > 0, b> b + Xx,,;, and using
the element-wise tanh nonlinearity:
Se1=0as, + W tanh(s,) + b + X, 2)

Here b is the trained bias and x,,,; encodes the equilibrium
modelinput. The trained weight matrix Wis quantized to 9-bitintegers
(Methods), separated into positive and negative components,
and loaded into the corresponding SLMs. The initial state is set to
So=b+X,.

During inference, the original data x go through the IP layer as
Xproj = WipX + by, where W, and by, are the trained IP weights and biases.
Forthegivenx,,,; the equilibrium modeliterates on the AOC hardware
until convergence, with the fixed-point state s* read out as voltages
(Extended DataFig. 5). Finally, theinference result is obtained by apply-
ing the OP layer to the AOC solution asy = Ws* + b, where W, and
b,p are the trained OP weights and bias.

Inthe current hardware, the equilibrium modelisimplemented for
asingle-layer network with a 256-weight matrix, without symmetry
constraints. A recurrent multilayer neural network can be constructed
using alower subdiagonal block-wise matrix (Fig.3), whereas a contin-
uous-valued Hopfield network arises for asymmetric matrix. We note
that neural networks conventionally apply the activation function and
weight matrix in a different order than in equation (2). However, this
leads to only aminor difference in practice owing to the self-recursive
process®,
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Fig.2|AOCforMLinference.a, Top: the neural network architecture used for
training and inference. During training, inputdataare projected into the latent
spaceviaanlIPlayer, processed by the AOC hardware’s digital twin (AOC-DT)
and passed through the OP layer. Bottom: the inference process on the AOC
hardware: theIPand OP layersinterface with the hardware, which updatesits
initial state s, until reaching the fixed-point state s*.b, Duringinference, MNIST
and Fashion-MNIST images are passed through the IP layer and are fed into the
AOC hardware. Intermediate states may be projected out to monitor progress,
schematically showing evolution froma higher to alower entropy distribution.
Once converged, asoftmax nonlinearity inthe OP layer selects the highest-
probability class, whereasinregression, the OP layer outputs a continuous
valuey, with the MSE evaluated against ground truth (GNDTH) to assess
performance. GNDTH s the true curve we want to regress against. c, The
nonlinearregression results are demonstrated for the AOC hardware over a

The hardware realizes the equilibrium model as in equation (2) for
two ML inference tasks: image classification and nonlinear regres-
sion (Fig. 2b). In both cases, models are trained digitally through the
AOC-DT and are deployed on the hardware without further calibra-
tion, which requires high hardware precision and high fidelity of the
AOC-DT (Methods).

Regression case study

We show that the AOC hardware can run nonlinear regression models.
Regression tasks require continuous-valued outputs, which are chal-
lenging owingto the inherently noisy nature of analog computations.
This is in contrast to classification tasks discussed below where the
output labels are discrete and only the class of the largest probability
is selected. From a model perspective, nonlinear regression tasks
are well suited to the 256-weight AOC as they require small input
WpeR®*Y) and output (W,,€R') projection matrices.
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Gaussian curve (left) and sinusoidal curve (right) with MSE losses of 3.75 x 107
and1.21x 107, respectively. The shaded areaaround the AOC predictions
represents the observed variability, thatis, the standard deviation across the
samplingwindow and repeated AOC runs with the same input (Methods).

d, For the full test datasets of MNIST (left) and Fashion-MNIST (right), the AOC
classification accuracy is compared with the performance of the AOC-DT and
the feedforward model (FFM). Higher accuracies are achieved for larger models
(4,096 weights), which are realized with a time-multiplexing technique.
Hardwareresults align with AOC-DT simulations; the 4,096-weight hardware
resultslightly exceeds the AOC-DT, as it reflects the best of 2 seeds, whereas
the AOC-DT accuracy is averaged. The dashed lines show the linear classifier
performance; the errorbarsreflect the random-seed variability for the AOC-DT
and experimental repeats for hardware (Methods).

We select two nonlinear functions for regression: Gaussian and sinu-
soidal curves. Inagreement with the AOC-DT results (see Supplementary
Table 2), the hardware reproduces accurately both functions, as shown
inFig.2c. The sinusoidal curve presents agreater challenge for accurate
fitting than the Gaussian curve owing to its multiple minima and max-
ima, requiring higher AOC-DT fidelity. This may explain why the AOC
hardware struggles to accurately fit the region near the right minimum
of the sinusoidal curve. However, at no point does the AOC-DT curve
fall outside the AOC standard deviation. We note the digital IP and OP
layers alone would only be able tofitlinear functions, highlighting the
contribution of the equilibrium model running on the AOC hardware.

Classification case study

For the Modified National Institute of Standards and Technology
(MNIST) and Fashion-MNIST datasets, the inputsXxeR*®*?8 are rescaled
to[-1, 1] range and flattened into vectors. Hence, the IP and OP layers
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Fig.3|Multilayer neural networks withrecurrence onthe AOC. The left
panel shows amultilayer deep neural network (DNN) with recurrence, where
orange, green and blue denote different layers. Here, s, is the initial network
state, x is the network input and s* represents the fixed point to which the
network converges. This network structure canbe realized onthe AOC hardware
by arrangingthelayers along the lower subdiagonal of alarger matrix W, placing

have dimensions 16 x 784 and 10 x 16, respectively. The test dataset
results on the 256-weight AOC hardware are shown in Fig. 2d (see also
Supplementary Table 4). The AOC-predicted labels match the AOC-DT
results for 99.8% of the inputs.

The AOC results demonstrate the viability of digital training with
subsequent weight transfer for opto-electronic analoginference. The
contribution of the equilibrium model running on the AOC further
becomes apparent when comparingthe AOC results with alinear classi-
fier, which consists of digitally trained IP layer,amiddle layer and an OP
layer. We also train a simple feedforward model comprising anIP layer,
amiddlelayer with tanh nonlinearity and an OP layer. Both linear clas-
sifier and feedforward models have the same number of parameters as
the AOC hardware. Although the AOC achieves slightly higher accuracy
(Fig. 2d), the simple nature of the MNIST and Fashion-MNIST datasets
is unlikely to demonstrate the full potential of self-recurrent models.
Looking ahead, this potential may materialize in a form of test-time
compute in sequence modelling tasks**** or inference of generative
diffusion models.

In practice, model sizes tend to exceed what a given hardware can
support,including traditional GPUs. To address this, we demonstrate
time-multiplexing on the AOC by training a 4,096-weight ensemble
equilibrium model, composed of 16 independent 256-weight equilib-
riummodels. The overall architecture mirrors the previous 256-weight
model, but the middle layer now consists of 16 independent equilibrium
models, executed sequentially on the AOC for each slice of the input
X proj € R*O%. Classification accuracies for these time-multiplexed mod-
els are shown in Fig. 2d. The time-to-solution increases linearly with
the number of independent blocks in the ensemble. Across all archi-
tectures considered for classification tasks, the IP layer accounts for
the majority of parameters, whereas nonlinearities within the AOC
primarily drive performance differences compared with alinear clas-
sifier. Additional classification results, including ablation studies of
the optical and electronic contributions with untrained IP layers, are
provided in Supplementary Information section C.1.

Across all classification and regression tasks, the AOC-DT requires
around nine iterations per input to reach convergence. On the AOC
hardware, these fixed points canbe achievedin 180 ns and, ideally, their
sampling would occurimmediately afterwards. In practice, toensure the
state stability and mitigate noise, we sample over a fixed 6.4-ps window
at 6.25-MHz frequency (Extended Data Fig. 5). As the sampling rate is
about eight-times slower than the hardware round-trip time, individual
iterations cannotberesolved onthe AOC. Compared with classification
tasks, the regression tasks show greater sensitivity to noise, requiring
up tollrepeated runs for averaging to obtain smooth curves (Supple-
mentary Fig. 6). We note that owing to the iterative process, the training
andinferencetimes of the AOC-DT runninginsilico are approximately
nine-times slower than an equivalent feedforward model.

Noise robustness
Equilibrium models, beyond being compute heavy, are also suitable
for analogacceleration owingto the attractor nature of their iterative

Recurrence

thefinallayerasarecurrentblockin the top-right corner, withits time evolution
showninthe middle panel. Theright panel further represents thisarchitecture
through asingle blockiterated over time, capturing the recurrent multilayered
modelstructure. All three panels depict equivalent representations of the
recurrent multilayer network.

inference process. This provides enhanced robustness to analog noise
compared with deep feedforward networks, whichis a critical property
for the AOC performance at scale (Extended Data Fig. 6b).

AOC for optimization

Quadratic unconstrained mixed optimization

The QUMO formulation represents a wide class of combinatorial opti-
mization problems aimed at minimizing the objective function
F(x)=- % TWx - b'x, where the vector xincludes binary and continu-
ousvariables, and theinformation about the optimization problemis
encoded in the weight matrix Wand the constant vector b. Without
loss of generality, one may consider the values {0, 1} for binary and the
interval [0, 1]for continuous variables. These variables are represented
through the element-wise nonlinearity over the system state vector s,
in equation (1). The solution to the QUMO problem is the assignment
ofthe variables x that minimizes the objective F(x). If the components
of x are all binary variables, the problem reduces to the quadratic
unconstrained binary optimization (QUBO) formulation. We note that
the QUBO problem is equivalent to the well-known problems of mini-
mizing the Hamiltonian of the Ising model* and finding the maximum
cut ofaweighted graph®.

Besides being nonlinear, most optimization problems are con-
strained. A problem with linear inequality constraints highlights the
greater expressiveness of the QUMO over the standard QUBO formu-
lation, commonly used across many non-traditional platforms. For
example, only one additional continuous variable, typically referred
toasslack variable, is required for mapping one inequality constraint
to the QUMO problem with a penalty method. In contrast, the QUBO
formulation suffers from a large mapping overhead: 10 to 100 binary
variables are needed to represent a single constraint with either
binary or unary encoding (Supplementary Information section G.8).
We next demonstrate solving QUMO problems on the AOC hardware
for two applications: medical image reconstruction and transaction
settlement.

Medical image reconstruction case study

Weimplement compressed sensing onthe AOC hardware, atechnique
enabling accurate signal reconstruction from fewer measurements
than traditionally required®*°. Compressed sensing acceleratesimage
acquisition, reducing scan times and enhancing patient comfort. For
magnetic resonance imaging (MRI), a sparse image representation is
typically achieved using techniques such as wavelet regularization
that penalize ‘unnatural’ reconstructions. The standard regularization
choiceisthe #,-norm, which promotes sparsity and enables optimization
via convex solvers. However, the original compressed-sensing method
employsthe ‘¢,-norm’, which counts the number of non-zero elements
in a vector. Minimizing the £,-norm may yield better reconstruction
in theory***?, although the optimization problem is deemed imprac-
tical in this case and, hence, remains largely unexplored in applied
image reconstruction tasks. With the AOC hardware, we can address
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this original hard problem by formulating the compressed-sensing
approach as the QUMO optimization problem:

min% ly - Ax|3 +A,T'0 +1,(1-0)'x. 3)
X

Here the first term ensures data fidelity between measurements
y € R and the image x € R" in the wavelet domain, and the matrix
A € RMVrepresents the MRI acquisition process consisting of Fourier
and inverse wavelet transforms with an undersampling mask (Meth-
ods). To reduce the MRI scan time, the number of measurements M
needsto be smaller thanthe number of pixels N; hence this data-fidelity
term has infinitely many solutions on its own. The image pixels are
normalizedtox € [0, 1]"inthe wavelet domainand o € {0, 1}Visabinary
vector that controls the sparsity of x. When ;= 0, the A, penalty disap-
pearsand the corresponding non-zero pixel value x;penalizes the objec-
tive owing tothe A, penalty.For g,=1, the A, penalty disappears and the
pixel x; can take any value to match the measurements, albeit at A,
penalty cost to the objective. Lastly, 1and (-)"denote the vector of ones
and the transpose operation in equation (3), respectively. The gener-
alization of this reconstruction problem to the complex-valued vari-
ables is presented in Supplementary Information section G.3.

We realize the compressed-sensing approach on the AOC hard-
ware for a line of the Shepp-Logan phantom image of 32 x 32 pixels
(Fig. 4a and Supplementary Fig.10), formulated as a 64-variable 9-bit
QUMO problem with equal split between binary and continuous vari-
ables. As an example of a realistic MRI process, we omit 37.5% of the
measurements. By minimizing the data-fidelity term only, we obtain
a poor reconstruction (Fig. 4a), highlighting the importance of the
interactions between continuous and binary variables in the QUMO
formulation.

Forthe non-zero A, and A, penalties, we split the 64-variable QUMO
problem into smaller subproblems and solve them all in the AOC
hardware using the block coordinate descent (BCD) method*. Solu-
tions to each subproblem, corresponding to one step of BCD, are
used to create the subsequent ones, all of which are solved using the
fixed-point abstraction realized on the AOC hardware. The conver-
gence to the optimal solution takes around 30 -40 BCD steps with
1,000-1,500 AOCiterations per BCD step. The finalimage reconstruc-
tion closely matches the original line, as shownin Fig. 4a. We note that
all QUMO instances are solved in an entirely analog manner without
any digital post-processing.

Tovalidate the QUMO formulation for compressed sensing at scale,
we use the AOC-DT toreconstructabrainscanimage of 320 x 320 pixels
from the FastMRI dataset**, which results in the QUMO problem with
more than 200,000 variables. For the typical undersampling rates of
4 and 8, we achieve reconstructions with mean squared error (MSE)
below 0.07 (Fig. 4a).

Transaction settlement problem case study
For optimization in the financial domain, we use the AOC hard-
ware to solve a transaction-settlement problem. Each securities
transaction is an exchange of securities for a payment, known as a
delivery-versus-payment transaction. Clearing houses process batches
of such transactions; for example, the subsidiaries of the Depository
Trust and Clearing Corporation (DTCC) processed securities trans-
actions valued at US$3 quadrillion in 2023*. Within each batch, the
transaction-settlement objective is to maximize the total number or
total value of settled transactions, which is NP-hard*®. This is a diffi-
cult optimization problem given the volume of transactions, legal
constraints and additional requirements (for example, collateral and
credit facilities).

Aprevalentapproach for solving the transaction-settlement problem
istoformulateitasalinear optimization problem withbinary variables
and linear inequality constraints*¢. This formulation can be mapped
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to a QUMO problem, where the inequality constraints are efficiently
incorporated into the objective function by introducing continuous
slack variables (Supplementary Information section G.8).

We design atransaction-settlementinstance generator that produces
industrially relevant transaction-settlementscenarios for the given num-
bers of transactions, financial parties and assets. We alsoimplement a
pre-processing technique to eliminate trivial constraints. Asanexample,
wegenerate ascenario with 46 transactions between 37 parties (Fig. 4b),
resulting in30 constraints, whichisreduced to an effective 41-variable
QUMOiinstance. Asshownin Fig.4b, the AOC hardware finds the glob-
ally optimal solution in seven BCD steps for this transaction-settlement
scenario. Similar to reconstruction of the Shepp-Logan image, the
QUMO instances across all transaction-settlement scenarios are solved
inan entirely analog manner.

Inaddition, we evaluate several smaller-size scenarios derived from
real settlement data®. After pre-processing, these reduce to QUMO
instances of 8 variables, on which the AOC hardware achieves a100%
success rate (see Supplementary Table 8). In contrast, quantum hard-
ware performance on the same problems yields success rates of 40-60%
(ref. 47).

Comprehensive benchmarking

Forthe AOC hardware, acomprehensive evaluationis conductedona
diverse set of challenging synthetic QUMO and QUBO problems. The
optimization problems include instances with 16 binary and continu-
ous variables, with dense and sparse weight matrices up to 8-bit preci-
sion.For100instances, the AOC hardware achieves over 95% and 100%
proximity to the optimal objectives of QUMO and QUBO instances,
respectively, under 1,000 samples (Fig. 4c). The typical time trace of
16 variables during the optimization process on the AOC hardware is
showninFig. 4d.

Using the AOC-DT, algorithmic performanceis validated on the hard-
est quadraticbinary problems with linear inequality constraints from
the quadratic programminglibrary (QPLIB) benchmark?, formulated as
QUMO instances. The AOC approachis compared withthe commercial
Gurobi solver??, which requires over aminute to reach the best-known
solutions for these problems. Figure 4e,f shows that the AOC-DT isup
tothree orders of magnitude fasterinallinstances, except for two, one
of whichitis unable to solve. Moreover, the AOC solver discovers the
new best solutions for two heavily constrained instances (3,584 and
3,860), each with over 500 binary and 10,000 continuous variablesin
the QUMO formulation, in about 40 s. For instance, for 3,584, Gurobi
matches the AOC solutioninabout 54,000 s, whereas provingits global
optimality takes 4.5 days. The details of the AOC-DT parameters are
provided in Supplementary Information section G.4 with additional
benchmarks in Supplementary Information section G.5.

Discussion

Addressing practical applications with the AOC necessitates hardware
scalability from hundreds of millions to billions of weights. For exam-
ple, typical MRIscans with resolutions around 100,000 pixels require
systems capable of processing around 20,000 variables when using
decomposition techniques suchas BCD, whichis equivalent to handling
around 400 million weights. Similarly, deep learning models with afew
billion weights are standard for real-world applications*s, which, with
mixture of experts models or techniques such as ensembling, could be
reduced tomany parallel models that are an order of magnitude smaller.
The AOC hardware has the potential to scale to these requirements
through a modular architecture that decomposes the core optical
matrix-vector multiplication operationinto multiplication of smaller
subvectors and submatrices.

At scale, the AOC hardware will consist of multiple modules, each
performing a part of the full-weight matrix multiplication. Each mod-
ule will include a microLED array, a photodetector array and an SLM.
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Fig.4|The AOCfor optimization. a, Medicalimage reconstruction. Top: the
AOC hardwarerealizes acompressed-sensing algorithm with the ‘¢,-norm’ to
reconstructaline of the Shepp-Logan phantomimage. Thereconstruction
processis formulated as optimization of the 64-variable QUMO instance and
compared with the minimization of the data-fidelity term only inequation
(3),achievingan MSE of 0.008 in the formerand 0.079 in the latter cases.
Thegreyscalebar denotes brightness valuesin the image, with O corresponding
toblack and1to white. Bottom: reconstructions by the AOC-DT for areal brain
image fromthe FastMRIdataset at typical accelerationrates.b, Transaction
settlement. Top:aschematic of the transaction-settlement processamong
multiple financial parties, withsettled (green) and unsettled (red) transactions.
Bottom:the number of settled transactions achieved by the AOC hardware for
a4l-variable QUMO instance as afunction of block coordinate descent steps.

With current SLMs supporting 4 million pixels, matrices with up to
4 million weights could be realized. When combined with integrated
driving electronics, this results in a miniaturized module with dimen-
sions of around 4 cm. Utilizing the third dimension for matrix-vector
multiplication thus enables scalable in-memory computing. In contrast,
emerging planar optical computers*?are constrained by the reticle-size
limit of the chip area thatis used for both routing and computing, which
limits the matrix size?®. Furthermore, as microLEDs are incoherent
light sources, optical paths need to be matched only within the system
bandwidth (gigahertz) rather than the source wavelength (hundreds of
terahertz), whichis afundamental manufacturability advantage over
coherent systems. Achieving the required miniaturization, however,
is both a challenge and an opportunity to drive advancements in 3D
opticaltechnologies with broader applications. The miniaturized opti-
calmodulesare coupled withintegrated analog electronicmodelsina
3D mesh (Extended DataFig. 4). These modules further aggregate the
output vectors from the optical modules and perform the remaining
compute primitives.

Hardest instances from QPLIB-QBL

¢, The AOC hardware solves synthetic 3-bit to 8-bit precision QUMO and QUBO
instances with 16 variables, requiring fewer than1,000 samples to reach at
least >95% and 100% objective proximities for the QUMO and QUBO instances,
respectively. Theshaded regionsindicate the 50% confidenceinterval.d, The
time trace of 16 variables during the optimization process on the AOC hardware
foraQUMOinstance. The system converges to the fixed point within 30 ps, with
thesampling window occurring over thelast 6 ps. e, Therelative speed-up of the
AOC-DT compared with the Gurobisolver is shown foraQUMO-reformulated
subset of QPLIB benchmark instances (QBL). The state-of-the-art solutions are
found forinstances 3,860 and 3,584.f, The hardest QBL instances require more
than 60 s for the Gurobi solver to find the best-known solutions of 10 QBL
instancesintheir original formulation.

We envision that the AOC cansupport models with 0.1 billionto 2 bil-
lion weights, requiring 50 to 1,000 optical modules. The module count
can be halved if a single optical module supports both positive and
negative weights'®. Al AOC components, including microLEDs, photo-
detectors, SLMs and analog electronics, have an existing and growing
manufacturing ecosystem with wafer-scale production. At the same
time, complementing optics with analog electronics offers numerous
opportunities to expand the compute primitives, including nonlineari-
ties, the hardware can support, thereby enhancing its expressiveness.

The operational speed and power consumption of the AOC dic-
tate its energy efficiency. The speed is limited by the bandwidth of
the opto-electronic components, typically 2 GHz or higher®. For a
100-million-weight matrix with 25 AOC modules, the power consumption
isestimatedtobe 800 W, resultinginacomputing speed of400 peta-OPS
and an efficiency of 500 TOPS W (2 f] per operation) at 8-bit weight
precision (Supplementary Information section A.1). In contrast, the
latest GPUs achieve a system efficiency of up to 4.5 TOPS W at the same
precision for dense matrices®.
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In conclusion, the AOC architecture shows promise for scaling to
practical ML and optimization tasks, offering a potential 100-fold
improvement in power efficiency. The current AOC hardware uses a
rapid fixed-point search to power inference tasks, such as regression
and classification, using equilibrium models with promising reasoning
capabilities, and to successfully solve QUMO problems including medi-
calimage reconstructionand transaction settlement. Cross-validation
with the digital twin, coupled with evaluation on large problems, offers
confidenceinthe hardware’s performance asitscales. Looking ahead,
the AOC’s co-design approach—aligning the hardware with the ML and
optimizationalgorithms—could spur a flywheel of future innovationsin
hardware and algorithms, pivotal for asustainable future of computing.

Online content

Any methods, additional references, Nature Portfolio reporting summa-
ries, source data, extended data, supplementary information, acknowl-
edgements, peer review information; details of author contributions
and competinginterests; and statements of data and code availability
are available at https://doi.org/10.1038/s41586-025-09430-z.

1. Shastri, B. J. et al. Photonics for artificial intelligence and neuromorphic computing.
Nat. Photon. 15, 102-114 (2021).

2. Shen, Y. et al. Deep learning with coherent nanophotonic circuits. Nat. Photon. 11,
441-446 (2017).

3. Chen,Y.etal. All-analog photoelectronic chip for high-speed vision tasks. Nature 623,
48-57 (2023).

4. McMahon, P. L. et al. A fully programmable 100-spin coherent ising machine with all-
to-all connections. Science 354, 614-617 (2016).

5.  Cai, F. et al. Power-efficient combinatorial optimization using intrinsic noise in memristor
Hopfield neural networks. Nat. Electron. 3, 409-418 (2020).

6. Hao, L., William, M., Hanzhao, Y., Sachin, S. & Kim, C. H. An Ising solver chip based on
coupled ring oscillators with a 48-node all-to-all connected array architecture. Nat. Electron.
6,771-778 (2023).

7. Johnson, M. W. et al. Quantum annealing with manufactured spins. Nature 473, 194-198
(201M).

8.  Dally, B. Trends in deep learning hardware: Bill Dally (NVIDIA) YouTube https://www.youtube.
com/watch?v=kLiwvnr4L80&t=770s (2023).

9.  Psaltis, D. & Farhat, N. Optical information processing based on an associative memory
model of neural nets with thresholding and feedback. Opt. Lett. 10, 98-100 (1985).

10. Feldmann, J. et al. Parallel convolutional processing using an integrated photonic tensor
core. Nature 589, 52-58 (2021).

1. Wetzstein, G. et al. Inference in artificial intelligence with deep optics and photonics.
Nature 588, 39-47 (2020).

12.  Hamerly, R., Bernstein, L., Sludds, A., Soljacic, M. & Englund, D. Large-scale optical neural
networks based on photoelectric multiplication. Phys. Rev. X 9, 021032 (2019).

13. Wang, T. et al. An optical neural network using less than 1 photon per multiplication.
Nat. Commun. 13, 123 (2022).

14. Ivanov, A., Dryden, N., Ben-Nun, T., Li, S. & Hoefler, T. Data movement is all you need:

a case study on optimizing transformers. Proc. Mach. Learn. Syst. 3, 711-732 (2021).

15.  Mobhseni, N., McMahon, P. L. & Byrnes, T. Ising machines as hardware solvers of
combinatorial optimization problems. Nat. Rev. Phys. 4, 363-379 (2022).

16. Jacobs, B. Quantum-Inspired Classical Computing (QuICC) HRO0112150041 Call for
Proposals Report (DARPA, Microsystems Technology Office, 2021).

17.  Bai, S., Kolter, J. Z. &Koltun, V. Deep equilibrium models. Adv. Neural Inf. Process. Syst.
32, 690-701(2019).

18. Graves, A. Adaptive computation time for recurrent neural networks. Preprint at https://
arxiv.org/abs/1603.08983 (2016).

19. Nye, M. et al. Show your work: scratchpads for intermediate computation with language
models. Preprint at https://arxiv.org/abs/2112.00114 (2021)

20. Kalinin, K. P. et al. Analog iterative machine (AIM): using light to solve quadratic optimization
problems with mixed variables. Preprint at https://arxiv.org/abs/2304.12594 (2023).

21.  Microsoft Quantum Inspired Optimisation (QIO) provider (2022); https://learn.microsoft.
com/en-us/azure/quantum/provider-microsoft-gio.

22. Gurobi Optimizer Reference Manual (2023); http://www.gurobi.com.

8 | Nature | www.nature.com

23. Furini, F. etal. QPLIB: a library of quadratic programming instances. Math. Program.
Comput. 1, 237-265 (2019).

24. Nvidia H100 Tensor Core GPU. Nvidia https://www.nvidia.com/en-us/data-center/h100/
(2023).

25. LeCun, Y. etal. A tutorial on energy-based learning. In Predicting Structured Data, Vol. 1
(eds Bakir, G., Hofman, T., Scholkopt, B., Smola, A. & Taskar, B.) (MIT Press, 2006).

26. He, K., Zhang, X., Ren, S. & Sun, J. Deep residual learning for image recognition. In Proc.
IEEE Conference on Computer Vision and Pattern Recognition 770-778 (IEEE, 2016).

27.  Goodman, J. W., Dias, A. R., Woody, L. M. & Erickson, J. Application of optical communication
technology to optical information processing. In Los Alamos Conference on Optics 1979 Vol.
0190 (ed. Liebenberg, D. H.) 485-496 (SPIE, 1980); https://doi.org/10.1117/12.957795.

28. McMahon, P. L. The physics of optical computing. Nat. Rev. Phys. 5, 717-734 (2023).

29. Bai, S., Koltun, V. & Kolter, J. Z. Multiscale deep equilibrium models. Adv. Neural Inf. Process.
Syst. 33, 5238-5250 (2020).

30. Hopfield, J. J. Neural networks and physical systems with emergent collective
computational abilities. Proc. Natl Acad. Sci. USA 79, 2554-2558 (1982).

31.  Krotov, D. & Hopfield, J. J. Dense associative memory for pattern recognition. Adv. Neural
Inf. Process. Syst. 29, 1180-1188 (2016).

32. Dehghani, M., Gouws, S., Vinyals, O., Uszkoreit, J. & Kaiser, L. Universal transformers.

In International Conference on Learning Representations (2019).

33. Du,Y.,Li,S., Tenenbaum, J. & Mordatch, I. Learning iterative reasoning through energy
minimization. In International Conference on Machine Learning 5570-5582 (PMLR, 2022).

34. Geiping, J. et al. Scaling up test-time compute with latent reasoning: a recurrent depth
approach. Preprint at https://arxiv.org/abs/2502.05171 (2025).

35. Schone, M. et al. Implicit language models are RNNs: balancing parallelization and
expressivity. In International Conference on Machine Learning (PMLR, 2025).

36. Xu, Z.-B., Qiao, H., Peng, J. & Zhang, B. A comparative study of two modeling approaches
in neural networks. Neural Netw. 17, 73-85 (2004).

37. Lucas, A. Ising formulations of many NP problems. Front. Phys. 2, 5 (2014).

38. Barahona, F., Jinger, M. & Reinelt, G. Experiments in quadratic O-1 programming.
Math. Program. 44,127-137 (1989).

39. Donoho, D. L. Compressed sensing. IEEE Trans. Inf. Theory 52, 1289-1306 (2006).

40. Candes, E. J. & Tao, T. Near-optimal signal recovery from random projections: universal
encoding strategies? IEEE Trans. Inf. Theory 52, 5406-5425 (2006).

41. Kabashima, Y., Wadayama, T. & Tanaka, T. A typical reconstruction limit for compressed
sensing based on L,-norm minimization. J. Stat. Mech. Theory Exp. 2009, LO9003
(20009).

42. Nakanishi-Ohno, Y., Obuchi, T., Okada, M. & Kabashima, Y. Sparse approximation based
on a random overcomplete basis. J. Stat. Mech. Theory Exp. 2016, 063302 (2016).

43. Tseng, P. Convergence of a block coordinate descent method for nondifferentiable
minimization. J. Optim. Theory Appl. 109, 475-494 (2001).

44. Zbontar, J. et al. FastMRI: an open dataset and benchmarks for accelerated MRI. Preprint
at https://arxiv.org/abs/1811.08839 (2018).

45. DTCC 2023 Annual Report (Depository Trust & Clearing Corp., 2023); https://www.dtcc.
com/-/media/Files/Downloads/Annual%20Report/2023/DTCC-2023-AR-Print.pdf.

46. Gedin, S. Securities settlement optimization using an optimization software solution.

MSc thesis, KTH Royal Institute of Technology (2020).

47. Braine, L. et al. Quantum algorithms for mixed binary optimization applied to transaction
settlement. IEEE Trans. Quantum Eng. 2, 1-8 (2021).

48. Javaheripi, M. et al. Phi-2: the surprising power of small language models. Microsoft
Research Blog https://www.microsoft.com/en-us/research/blog/phi-2-the-surprising-
power-of-small-language-models (2023).

49. Pezeshki, B., Tselikov, A., Kalman, R. & Danesh, C. Wide and parallel LED-based
optical links using multi-core fiber for chip-to-chip communications. In Optical Fiber
Communication Conference (OFC) 2021 https://opg.optica.org/abstract.cfm?URI=OFC-
2021-F3A1(2021).

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution

oy 4.0 International License, which permits use, sharing, adaptation, distribution

and reproduction in any medium or format, as long as you give appropriate

credit to the original author(s) and the source, provide a link to the Creative Commons licence,
and indicate if changes were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated otherwise in a credit line
to the material. If material is not included in the article’s Creative Commons licence and your
intended use is not permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a copy of this licence,
visit http://creativecommons.org/licenses/by/4.0/.

© Microsoft Corporation and Barclays Bank plc. 2025 2025


https://doi.org/10.1038/s41586-025-09430-z
https://www.youtube.com/watch?v=kLiwvnr4L80&t=770s
https://www.youtube.com/watch?v=kLiwvnr4L80&t=770s
https://arxiv.org/abs/1603.08983
https://arxiv.org/abs/1603.08983
https://arxiv.org/abs/2112.00114
https://arxiv.org/abs/2304.12594
https://learn.microsoft.com/en-us/azure/quantum/provider-microsoft-qio
https://learn.microsoft.com/en-us/azure/quantum/provider-microsoft-qio
http://www.gurobi.com
https://www.nvidia.com/en-us/data-center/h100/
https://doi.org/10.1117/12.957795
https://arxiv.org/abs/2502.05171
https://arxiv.org/abs/1811.08839
https://www.dtcc.com/-/media/Files/Downloads/Annual%20Report/2023/DTCC-2023-AR-Print.pdf
https://www.dtcc.com/-/media/Files/Downloads/Annual%20Report/2023/DTCC-2023-AR-Print.pdf
https://www.microsoft.com/en-us/research/blog/phi-2-the-surprising-power-of-small-language-models
https://www.microsoft.com/en-us/research/blog/phi-2-the-surprising-power-of-small-language-models
https://opg.optica.org/abstract.cfm?URI=OFC-2021-F3A.1
https://opg.optica.org/abstract.cfm?URI=OFC-2021-F3A.1
http://creativecommons.org/licenses/by/4.0/

Methods

Experimental set-up
The key components of our experimental set-up are shown in Fig. 1a
and Extended Data Fig. 1.

Optical subsystem. The optical subsystem performs matrix-vector
multiplication. The basic components are the optical sources (input
vector), a system of fan-out optics to project the light onto the modu-
lator matrix and a system of fan-in optics to project the light onto a
photodetector array (output vector). The corresponding schematic
isshownin Extended Data Fig. 2.

The incoherent light sources are an array of 16 independently
addressable microLEDs. Each microLED is driven with a bias current
and an offset voltage. The variable valueis encoded by the lightinten-
sity, with a value of zero corresponding to the microLED bias point.
Mathematical positive values are represented by microLED drive cur-
rents greater than the bias value. Negative values are represented by
drive currents less than the bias value. The diameter of each emitter
is 50 pm and the pitch is 75 pm. The sources are fabricated in gallium
nitride wafers onasapphire substrate and the dieis wire-bonded onto
aprinted circuit board (Fig. 1c). The emission spectrum is centred at
520 nmwithafull-width of half-maximum of 35 nm and the operational
-3-dB bandwidthis 200 MHz at 20 mA, see Supplementary Fig. 1.

After the sources, there is a polarizing beamsplitter (PBS). From
this point, there are two equivalent optical paths in this set-up. Each
path performs two functions: first, they allow us to use both polari-
zations of the unpolarized light output; second, they allow us to
perform non-negative and non-positive multiplications with only
intensity modulation. Each path contains one amplitude modula-
tor matrix and one photodetector array. The modulator matrix is a
reflective parallel-aligned nematic liquid-crystal SLM. We refer to the
first part of the optical system as the fan-out system. The task of this
fan-out system is to image the microLEDs onto the SLM, where the
weights are displayed, and to spread the light horizontally into lines.
The microLEDs are arranged in a one-dimensional line (let this be the
yaxis) and are imaged onto the SLM using a 4F system composed of
a high-numerical-aperture (Thorlabs TL10X-2P, numerical aperture
0.5, x10 magnification, 22-mm field number) collection objective and
alower-numerical-aperture lens group composed of 2 achromatic
doublets with combined focal length 77 mm. Thereis a cylindrical lens,
Thorlabs LJ1558L1, in infinity space of this 4F system. This lens adds
defocus to the image of the source array on the SLM but only in the x
direction, so that the projected light patternis a set of long horizontal
lines, one per microLED. Each matrix element occupies a patch of 12
(height) x 10 (width) pixels of the modulator array. An 8-bit look-up
tableis used to linearize the SLM response as a function of grey level.

The SLMisimaged onto the photodetector array using a 4F system
(the fan-in system). The first lens group of the fan-in is the same as
the second lens group of the fan-out system as this is in double pass.
From here, the light is directed towards the intended photodetector
array through a second PBS. The light from each column of the SLM
is collected by an array of 16 silicon photodetectors to perform the
required summation operation. The active area of each element is
3.6 x 0.075 mm?> The photodetectors are on a pitch of 0.125 mm. The
operation bandwidth is 490 MHz at -10 V measured at 600 nm.

Analog electronic subsystem. After the photodetector array, the
signals are in the analog electronic domain. The photocurrents from
each photodetector element are amplified by alinear trans-impedance
amplifier (Analog Devices MAX4066). Each trans-impedance ampli-
fier provides 25-kQ gain and is characterized by aninput referred noise
of 3 pA -/Hz and has differential outputs. The corresponding 2 sets (1
per photodetector board) of 16 differential pairs of signals are fed to
the mainboards where the per-channel nonlinear operation and other

analogelectronic processingis carried out. Each of the 16 signals sees
the following circuitry: (1) a variable gain amplifier (VGA; Texas Instru-
ments VCA824) to allow the input signal range to be set and equalized
across channels; (2) adifference amplifier to perform the operation of
subtracting the negative input signal from the positive one and achieve
signed voltages (signed multiplications); (3) a VGA that adds and sub-
tracts signals from the described path, referred to as gradient term, to
the annealingand momentum terms, as per equation (1), while provid-
ing acommon gain control to all these paths; (4) an electronic switch
(ADG659) to openand close theloop to setand reset the solving state;
(5) abuffer amplifier to distribute the signal to the gradient, annealing
and momentum paths; (6) abipolar differential pair toimplement the
tanhnonlinearity; (7) aVGAto adjust the signal level between the non-
linearity and the required voltage and current onto the microLED
alternating-currentinputcircuit. Both the annealingand momentum
paths have VGAs with acommon external control so that we canimple-
ment time-varying annealing and momentum schedules.

Each channel also has an offset to the common control signaladded
to allow minor adjustment or correction of channel-to-channel vari-
ations. The other VGAs are set with digital-to-analog converters con-
trolled over an inter-integrated circuit (12C) bus. This allows slower
control at per-experiment timescales.

Nonlinearity. The per-channel nonlinear function is an approxima-
tion to a tanh. This is shown in Supplementary Fig. 5d. The system is
designed so that all signals follow the same path through the solver. For
ML workloads, the input domain of the tanh function is unrestricted
by hardware; there are no gain variations across channels. The trained
weights and equilibrium modelinput ensure that signals evolve accu-
rately. For optimization workloads, binary and continuous variables
require different handling in hardware. Here we set the gain after the
trans-impedance amplifier and before the tanh nonlinearity to be lower
for continuous variables than for binary variables. Thisadjustment en-
sures that the input domain of the nonlinearity resultsin amore linear
output for continuous variables than for binary variables.

Evaluation of matrix-vector multiplication accuracy. We character-
ized and calibrated the key opto-electronic and electronic components
to equalize the gain of each AOC path. For example, we calibrate the
optical paths by applying a set of 93 reference matrices and for each
we digitally compute the result of the vector-matrix product. We then
adjust the gain per channelsslightly so that, averaged over the set of 93
computed vectors, the AOC result is as close as possible to the digital
result.

Following this, the accuracy of the matrix-vector multiplication is
characterized using the same 93 reference matrices on each SLM and
measuring the output of the system, shownin Supplementary Fig. 3a.
For eachreference matrix in the set, we calculate the MSE between the
knownand the measured output. The mean MSE across all dot products
is5.5 x 1073, and the matrix-vector multiplication MSE as a function of
matrix (instance) is shownin Supplementary Fig. 3b. For these experi-
ments, we configure the systemin open-loop mode without feedback
and turn off the annealing and momentum paths.

ML methods

Training and digital twin. In commercial deployments, training con-
sumes less than 10% of the energy and, hence, is not targeted by the
AOC. The equilibrium models are trained through our digital twin,
whichisbased on equation (2).In the digital domain during training, the
convergence criterion is set to ||S,, — §,|| < &, withe =107 The AOC-DT
models up to seven non-idealities measured on the AOC device; each
non-ideality can be switched on and off (Supplementary Fig. 5). The
AOC-DT is implemented as a Pytorch module with the weight matrix
W and bias terms b, as well as the gain 8 as trainable parameters. The
weight matrix is normalized to fulfil || W||..=1throughout training to
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simulate the passive SLM. The numeric scale of the matrix is instead
modelled by the gain 8. This separation of scale is necessary as several
nonlinear non-idealities occur between the matrix multiplication and
the gainin equation (2), as discussed in Supplementary Information
sectionD.

The weight matrixisinitialized with the default Pytorchinitialization
foralé6 x 16 matrix, the bias termisinitialized to O and Bisinitialized at
1. We trained all models with a batch size of B=8, at alearning rate of
n=3x10"*for MNIST and Fashion-MNIST and =7 x 10~ for regression
tasks. We used the Adam optimizer®. In all cases, models are trained
end-to-end, with the equilibrium-section trained through our AOC-DT
using theimplicit gradient method”, which avoids storing activations
for the fixed-pointiterations. This decouples memory cost fromitera-
tion depth as intermediate activations do not need to be stored. In all
experiments, the a gain in equation (2) is set to 0.5 to strike a balance
between overall signal amplitude and speed of convergence. Low a
values cause the signal to be too weak, resulting in alow signal-to-noise
ratio (Supplementary Information section D).

Inference and export to the AOC. Once training has completed, the
weight matrix Wis quantized to signed 9-bit integers using

max=255
W= ma%(SW) clamp [round (% x 255)}
max min=-256 (4)
_ max(W)
= s M

with the rounded and clamped matrix on the right-hand side being the
quantized weight matrix W, Whenever we report AOC-DT results, we
report results obtained with the quantized matrix.

Exporting trained models to the AOC requires several further steps.
First,themodelinputs x and the biastermb need to be condensedinto
asingle vector b,o. = b + x followed by clamp to ensure the values fit
into the dynamicrange of the AOC device (Supplementary Information
section D). Second, asthe optical matrix multiplicationisimplemented
using SLMs, elements of the weight matrix are bounded by one such
that all quantization-related factors disappear. However, the original
maximum element of the matrix max(WW) needs to be re-injected, which
we achieve via the S gain in equation (2), approximately restoring the
original matrix W.

The quantized matrix is split into positive and negative parts,
Wo = Wq~ W4, and each part is displayed on its respective SLM.

AOC sampling and workflow. Each classification instance (that is,
MNIST or Fashion-MNIST test image) is run once on the AOC, and the
fixed pointis sampled at the point marked in Extended Data Fig. 3 after
ashort2.5-pus cooldown window after the switchis closed, asshownin
Extended DataFig. 5a,b. The sampling window extends over 40 samples
at 6.25 MHz, corresponding to 6.4 ps. This ensures that the search of
fixed points for the equilibrium models happens entirely inthe analog
domain. Once sampled, we digitally project the vector into the output
space. For classification, the input is projected from 784 to 16 dimen-
sions, the output is projected from 16 to 10 classes. The label is then
determined by the index of the largest element in the output vector
(argument-max). For regression tasks, the IPand OP layers transforma
scalarto 16 dimensions and back, respectively. The MSE results in Fig.2c
were obtained by averaging over 11 repeats for each input. This means
that we restart the solution process 11 times, including the sampling
window, and average the resulting latent fixed-point vectors. Impor-
tantly, the solve-to-solve variability appears to be centred close to the
curve produced by the AOC-DT, enabling us to average this variability
out (Supplementary Fig. 6).

The 4,096-weight ensemble model. We can expand the model sizes
supported by the hardware by using an ensemble of small models that

fit onit. These smaller 256-weight models are independent at infer-
ence time but are trained jointly by receiving slices 16-sized slices
of a larger input vector and stacking their outputs before the OP.
To scale to a4,096-weight equilibrium model, we expand the input
space from 16 to 16 x 16 = 4,096 dimensions and the output space
from 10 to 10 x 16 =160 dimensions. The IP matrix is consequently a
784 x 4,096-shaped matrix and the OP matrix is shaped 160 x 10. MNIST
or Fashion-MNIST images are scaled to the range [-1, 1] and, projected
to 4,096 dimensions and split into 16 slices of 16 dimensions. Each of
the16 equilibriummodels then runsits respective slice of input vectors
to afixed-point. Once all16 models are run onthe AOC, we concatenate
outputs and project theminto the 10-dimensional output space where
the largest dimension determines the predicted cipher.

Nonlinear regression. The first curve (I) is a Gaussian rescaled such
that the Ggus;ian curve approximately stretches from -1 to 1,
f(x)=2e™ /20° _1for 0=0.25and x € [-1, 1]. The second curve (Il) is
givenby f (x)= m sin(3mx). For training sets, we choose 10,000
equidistant points x;in the range [-1, 1] whereas for test regression
datasets, we choose 200 points randomly x; = U([-1, 1]).

Error estimation. For regression tasks, we concatenate the 40 samples
from all 11 repeats and calculate the standard deviation per point on
the curve.

Classification datasets. We trained the MNIST and Fashion-MNIST
models on 48,000 images fromtheir respective training set, validated
onasetof12,000images and tested them on the full test set compris-
ing 10,000 images.

Error estimation. For experimental results, the error bars in Fig. 2d
were estimated using a Bayesian approach for the decision variable
c.€10,1, ..., 9} for each sample ¢ along the sampling window per
image. We assume an uninformative prior p(c,) =beta(l, 1),
which we then update with the observed number of correct decisions
Ngyccess aNd failures ng,;,.. over the sampling window. The variance
of the conjugate posterior of a beta distribution is given by

_ (1+ ngyccess)(1+ Nailure) :
Var(ctmsuccess' nfailure) = .We use this

2+ ngyccess + "failure)z(3 +Ngyccess * Nailure)

to estimate the variance and, by taking the square root, the standard
deviation per input image. The dataset error bars are then estimated
asthe mean of the standard deviations over allmembers of the dataset.

Optimization methods

Positive and negative problem weights. To address optimization
problems involving positive and negative weights on the AOC hard-
ware, QUMO instances without linear terms can have up to eight vari-
ables, which applies to both transaction-settlement scenarios and
reconstruction of one-dimensional line of the Shepp-Logan phantom
image. The weight matrices are unsigned in synthetic QUMO and QUBO
hardware benchmarks; hence the AOC hardware canaccommodate up
to 16-variable instances in the absence of linear terms. Such instance
size difference arises because, when both positive and negative weights
are present, non-idealities in the dual-SLM configuration reduce the
accuracy of matrix-vector multiplication. To mitigate this, a single
SLMisusedto process both positive and negative weights, effectively
halving the number of variables per instance.

Industrial optimization problems. For the transaction-settlement sce-
nario and the Shepp-Logan phantomimageslice, their 41-variable and
64-variable QUMO instances are decomposed into smaller 7-variable
QUMOinstances. For each of these subinstances, the 7 variables are con-
nected with therest of the variables viaalinear vector b, whichisincor-
porated into the quadratic matrix Wvia an additional binary variable.
This decomposition is repeated for each subinstance and the linear



vector bis updated at the end of each BCD iteration to create the next
QUMO instance. Such an approachyields 8-variable QUMO instances
and asingle SLMis used to represent their positive and negative matrix
elements, with analog electronics handling their subtraction, which
effectively utilizes the full 16-variable capacity available in hardware.
The required number of BCD iterations varies depending on factors
suchastheinitialrandom state of the optimizationinstance variables,
the selection of variable blocks among subinstances, and the orderin
which they are optimized.

For the one-dimensional Shepp-Logan phantom image, 12 out of
32 measurements are omitted, corresponding to a 37.5% data loss or
al.6 undersampling (acceleration) rate. Although typical MRI accel-
eration ranges from 2 to 8, this rate is used here owing to the image’s
non-smoothness at a 32-pixel resolution.

Binary and continuous variables. In the AOC, binary variables are
encoded using a hyperbolic tangent function, whereas continuous
variables utilize the near-linear region of the function, connecting
optimization variables to state variables via x = f(s). In simulations at
scale with the AOC-DT, linear and sign functions are used for continu-
ous and binary variables, respectively.

Hardware QUMO instances. To ensure that some variables take indeed
continuous valuesin the global optimal solution, we plant random con-
tinuous values and generate synthetic 16-variable QUMO instances. As
the number of continuous variables increases for a given problemsize,
the probleminstances become computationally easier to solve. Conse-
quently, we consider instances with up to eight continuous variables.

Hardware QUBO instances. We generate up to 8-bit dense and sparse
instances. The sparse instances belong to the QUBO model on three-
regular graphs that are NP-hard®, although NP-hardness does not
imply that every random instance is difficult to solve. To make these
instances more challenging to solve, we verify that their global objec-
tive minimizer is distinct from the signs of the principal eigenvector
of the weight matrix®.

QPLIB benchmark. The QPLIBis alibrary of quadratic programming
instances® collected over almost a year-long open call from various
communities, with the selected instances being challenging for state-
of-the-art solvers. As described in the main part of the paper, we con-
sider only the hardestinstances within the QPLIB:QBL class of problems,
which contains instances with quadratic objective and linear inequality
constraints. The QPLIB:QCBO class of problems, which contains
instances with quadratic objective and linear equality constraints, and
the QPLIB:QBN class of problems, which contains QUBO instances, are
considered in Supplementary Information section G.5.

AOC-DT operation and parameters. The distinction of the AOC-DT
algorithm is the simultaneous inclusion of both momentum and
annealing terms, which markedly improves the performance of the
standard steepest gradient-descent method on non-convex optimiza-
tion problems. Typically, multiple hyperparameters need to be cali-
brated for heuristic methods to achieve their best performance in
solving optimization problems. We consider a(t) = 1-a(t), where a(t)
is alinearly decreasing function from some initial value a, to O over
time. From the hardware perspective, such an annealing schedule pro-
vides an explicit stopping criteria, which is an advantage for an
all-analog hardware implementation as it avoids the complexity of
multiple intermediate readouts that stochastic heuristic approaches
suffer from*, In principle, the three main parameters {a,, 3, y} of the
AOC fixed-point update rule need to be adjusted for each optimization
instance. In our simulations, we notice that the algorithmis less sensi-
tive to the momentum parameter value, whereas the a, and 8 values
substantially affect the solution quality. We further perform a linear

stability analysis of the algorithm to evaluate reasonable exploration
regions for these two parameters and find that by scaling the S param-
eter as B = Bo/Ajagesy Where Ay, is the largest eigenvalue of the weight
matrix W, we get scaled parameters ,and a,beingin asimilar optimal
unit range across a wide range of problems.

We design a two-phase approach for the AOC-DT to operate similar
to a black-box solver that can quickly adjust the critical parameters
withinthe given time limit. During the ‘exploration’ phase, we evaluate
therelative algorithm performance across a vast range of parameters
(ay, Bo)- Asubset of ‘good’ parametersis then passed for more extensive
investigation in the ‘deep search’ phase (Supplementary Information
section G.1).

We note that for two QPLIB:QUMO instances, namely, 5,935and 5,962,
we developed a pre-processing technique that greedily picks variables
with the highestimpact on the objective functions and considers their
possible values, which is accounted in the reported time speed-up of
the AOC-DT.

Competing solvers. For afair comparison, we ensure that all methods
use similar computing resources. Although the implementation of
GPU- or central-processing-unit-based solvers can require highly vary-
ing engineering efforts, we try to estimate the cost of running solvers
onthe hardware, onwhich they are designed to run, and vary the time
limit across solvers accordingly to ensure similar cost per solver run. In
what follows, the Julia-based AOC-DT runs ona GV100 GPU for 5-300 s
perinstance across allbenchmarks. In the case of Gurobi, our licence
allows ustouseonly up to eight cores, anditstimeto achieve the best
solution for the first timeis used (not the time to prove its optimality).

More details about the AOC hardware and the AOC-DT performance
on different optimization instances are provided in Supplementary
Information section G.5.
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Extended DataFig.1|Experimental layout ofAOC. a, Photo of AOC, used to
simultaneous run ML models and solve optimizationinstances. Key highlighted  equipmentincluded.
components are: the microLED array, the SLMs, the photodetector array, and
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Extended DataFig.2|Detailed Schematic diagram of the optical vector-
matrix multiplicationin AOC. Light from the sources s collected by the
objective. The sources areimaged onto the SLM using the combined 4F system
ofthe objective andlens group 1(LG1). Polarizing beamsplitter 1(PBS 1) splits
thelight by linear polarization state and sends light to one of two modulators.
Thereflected lightis modulated by polarization (multiplication) and the action
of PBS 1 makes this an amplitude modulation. Each SLMisimaged onto its
corresponding detector using LGl1and LG2 through PBS1and PBS 2. Summation
happensatthedetector.
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Extended DataFig.4|AOCatscale. Artistic representation of AOCat 100
million weights scale, showing the 3D mesh structure of the required 50
modules, with each module with size of 4 x 10° weights (2000 variables) and
distinct optical modules for positive and negative weights.
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trace where we projected the measured stateinto classification space usingthe  sampled, we can observe some correspondence between the evolution of the
output projectionand applied asoftmax to obtain probabilities. Themostlikely =~ AOC-DT for the same point. The ploton the right shows the evolution of the

class stays on the wrong label 7 until the fully-sampled resultis evaluated in entire curve over AOC-DT iterations. The point of interest is marked by the
whichthe correctclasslabel 9isreached. b, Example trace of a Fashion MNIST vertical dashed line and appears to follow the same trajectory from close to -1
example. Here, the initial entropy of the class-probability distribution is high toitstarget value.d, Multi-seed study of the Gaussian regression task for 100
butdrastically falls offover iterations. The correct class with label 2 emerges independently trained and tested equilibrium models to test how reliable the

early onandis maintained throughout theiterationsandin the sampled result. AOC-DTmodels the AOC device.
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