communications physics

A Nature Portfolio journal

Article

https://doi.org/10.1038/s42005-025-02324-6

Entropy computing, a paradigm for
optimization in open photonic systems

M| Check for updates

Lac Nguyen ® <, Mohammad-Ali Miri® 4, R. Joseph Rupert, Wesley Dyk, Sam Wu, Nick Vrahoretis,
Irwin Huang, Milan Begliarbekov, Nicholas Chancellor® , Uchenna Chukwu, Pranav Mahamuni,
Cesar Martinez-Delgado ® , David Haycraft, Carrie Spear, Joel Russell Huffman ®, Yong Meng Sua &
Yu-Ping Huang

Finding better solutions to combinatorial optimization problems could have a large positive impact on
many real-world application areas, such as logistics. For this reason, significant efforts have been
made to design novel optimization paradigms. Here we show an early instance of such paradigmin an
optical setting, the entropy computing paradigm. Specifically, we experimentally demonstrate the
feasibility of entropy computing by building a hybrid photonic-electronic computer that uses optical
measurement and feedback to solve non-convex optimization problems. The system functions by
using temporal photonic modes to create qudits in order to encode probability amplitudes in the time-
frequency degree of freedom of a photon. This scheme, when coupled with with electronic
interconnects, allows us to encode an arbitrary Hamiltonian into the system and solve non-convex
continuous variables and combinatorial optimization problems. We show that the proposed entropy
computing paradigm can act as a scalable and versatile platform for tackling a large range of NP-hard

optimization problems.

In the domain of computational optimization, a significant number of
problems are NP-hard, which is commonly considered the hardest class of
optimization problems. It has been shown that there exists a polynomial-
time mapping of all problems in NP" to a smaller set of complete problems,
and further to their extension beyond decision problems, to NP-hard pro-
blems, including optimization. The computer science community largely
believes that no polynomial-time algorithm exists for all problems in NP (as
an efficient algorithm for any of these complete problems would imply), but
this has yet to be proven. Finding high-quality approximations (or optimal
solutions) in practical timescales is very important, since numerous real-
world applications require solutions to NP-hard problems.

The inherently complex nature of such optimization problems
necessitates the development of novel computational frameworks, both in
terms of hardware and algorithms. Traditional computational methods
implemented on Complementary Metal Oxide Semiconductor (CMOS)
devices often struggle with the scale and complexity of these problems,
leading to extended solution times or, in some cases, the inability to find an
optimal solution within a reasonable time frame.

Various special purpose processors (both classical and quantum), such
as analog solvers, have recently been proposed. A detailed review of some of
these machines can be found in ref. 3. Many of the recently proposed
classical special purpose processors are a class of CMOS devices, which

effectively implement simulated annealing and related algorithms, a review
of these devices can be found here*’.

Similarly, many quantum devices used for non-convex optimization
are quantum annealers, which were first proposed by Kadowaki and
Nishimori®. Quantum annealers differ from the more conventional gate-
based quantum computing architectures, since they encode and solve
problems via continuous time evolution. Recent theoretical investigations
showed annealing-based architectures might give equivalent advantages to
those seen in a gate model setting. Adiabatic quantum computing, an
idealized setting of quantum annealing where very long anneal times are
employed, was shown to give the same quadratic speedup’ that Grover
search yields in a gate-model device®, and is the best that is achievable by
any quantum algorithm'’. Furthermore, a more general class of continuous-
time algorithms can obtain the same speedup, including continuous-time
quantum walks'' and interpolations between adiabatic and quantum walk
protocols'’. Even more recently, the same advantage has also been shown to
be possible through dissipative dynamics, similar to those that our device
emulates'; similar effects can be used to solve optimization problems'*. The
physical realization of quantum annealers on superconducting platforms
remains a challenge due to limitations on connectivity and scalability.

Numerous approaches have been made to make optical analog com-
puters recently due to the advantage of light in energy efficiency, scalability,
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and global connectivity'’. A popular approach among all is coherent Ising
machines (CIM)'“""*. Superior time-to-convergence vs. problem size scaling
compared to annealers was observed”. However, maintaining stable
operation on CIM to avoid external perturbations, including amplitude
heterogeneity or phase-stability demand over long fiber, is the main
drawback that prevents this technology from being widely adopted”**".

It is important to note that CIM implementations solely focus on
solving Ising-type problems. However, the landscape of computationally-
hard optimization problems is not limited to Ising problems and contains,
for example, binary, non-convex continuous-variable, integer, and mixed-
integer problems. Many discrete NP-problems do not naturally or directly
map to the Ising model’s framework of binary spin states with quadratic
interactions (although they must in a formal sense due to the definition of
NP-hardness), and developing an effective mapping that accurately repre-
sents the original problem within the Ising framework can be highly non-
trivial and is often achieved only with a high computational overhead. Work
in this direction includes” where mappings for many problems were shown,
mappings of maximum k-SAT problems for arbitrary k™, mappings of the
weighted maximum independent set problem and related problems™.
Furthermore, incorporating constraints, which are often required in NP-
hard problems, into the Ising model can increase the complexity of the
problem formulation. This is typically accomplished by introducing addi-
tional spins (qubits in the context of quantum computing) and carefully
designing the interaction terms to ensure that the constraints are properly
enforced, which can significantly increase the size and complexity of the
resulting Ising problem. An additional complication, particularly for analog
computers, is that the ratio of the largest to the smallest relevant energy
scales (the dynamic range) can be large in some problems, particularly when
constraints are considered, or where mapping procedures to an incompa-
tible hardware graph, for example, through minor embedding, must be
performed”. The small dynamic range of any real hardware often limits the
types of problems that can be efficiently solved on that hardware.

In light of these challenges, we present early steps toward a computing
paradigm, entropy computing, that operates by conditioning a quantum
reservoir to promote the stabilization of the ground state in an optical setting.
In this approach, a target Hamiltonian is mapped onto an effective dissipative
operator to solve an optimization problem in the photon number Hilbert
space. This approach induces loss into the system to suppress the evolution of
unwanted states while promoting the evolution of (qu)dits that represent
lower energy states of the corresponding Hamiltonian. Here, we define
entropy computing as a system that encodes information in photon number
states with readout in the Fock basis, and employs a balance of loss and gain,
potentially via measurement and feedback, to search for optimal solutions,
following the principle of minimum entropy as discussed in ref. 26.

We experimentally demonstrate entropy computing through a hybrid
optoelectronic measurement-feedback system that utilizes photon qudits
encoded as probability amplitudes in time-frequency degree of freedom in
conjunction with electronic interconnects for embedding an arbitrary
Hamiltonian. In this manner, we demonstrate an entropy computing
machine with a versatile polynomial loss function containing first- to fifth-
order terms with fully programmable weight tensors, capable of solving
optimization problems with up to 949 independent variables over a fixed
summation constraint. We employ this platform for solving non-convex
continuous variables and integer combinatorial optimization problems.
While the goal of this paper is not to fully introduce the paradigm, we do
include some discussion of how a more quantum version, which is still
within this paradigm could be created in supplementary note 1.

Methods

Hybrid entropy computing system

In the first realization of this hardware, which is discussed here, we use time
correlated single photon counting (TCSPC) and electro-optical feedback to
emulate entropy computing, although for discounted computing power. We
discuss in supplementary note 1 how an all-optical extension of this para-
digm may be realized. The system configuration is illustrated in Fig. 1, where

the loss mechanism is implemented through an electro-optical modulator
(EOM) and the mixer is realized by passing the optical signals through a
nonlinear optical circuit, detecting them in a single photon detector (SPD),
and post-processing the TCSPC results. In details, the Hamiltonian problem
is encoded into the amplitude of an electrical signal via digital-to-analog
converter (DAC). The signal is used to drive an EOM device, which tailors a
weak coherent state into single-photon signals in a shaped wave function, to
realize high-dimensional time-bin encoding. The optical signal is then
combined with and modulated by a coherent pump at a different wave-
length as they pass through a quantum non-linear optical circuit. In this
report, we use a periodically poled lithium niobate (PPNL) non-linear
crystal as a sum frequency converter, where the signal light is a single-
photon-level output from the EOM, and the pump photons are undepleted
to ensure efficient conversion. At the output, the resultant single photons are
detected by an SPD and recorded by a TCSPC. A clock signal is used as a
reference where the period matches the feedback loop time. An FPGA
accumulates photon counts of each time bin and computes the contribution
of those counts to the losses of each time bin, thereby emulating the inter-
action terms in the Hamiltonian. Hence, the loss rate for each mode is the
sum of a constant term, corresponding to the linear “chemical potential
energy” of that mode, and a photon-number dependent term, corre-
sponding to the nonlinear interaction energy. The quantum frequency
converter, time-correlated single photon counter, SPD, and feedback
through the EOM together act as the medium with linear and nonlinear
losses. Single photon detection combined with FPGA normalization feed-
back promotes the least loss states in a hybrid framework. A secondary DAC
embedded in the FPGA is used to continuously control variable optical
attenuators (VOA), guaranteeing ultra-low mean photon number. While
our entropy computing approach implementation is designed for photon
number states or Fock states, it is practically difficult with the current state-
of-the-art in deterministic photon number generation””. In the current
hybrid implementation of Dirac-3, we use a common approximation of
Fock states, which is coherent states with ultra-low mean photon number
. Dirac-3 is maintained such that about 1% or less of pulses have more
than 1 photon. We further provide evidence that solution quality of Dirac-3
is affected by varying mean photon number.

In this system, the temporal bins form the state bases and TCSPC
measures photon counts in each bin for stochastic computing with integer
variables™'. The weak coherent states with low power will approximately
yield either vacuum or a superposition of single photons in each time bin, in
other words states where two or more photons are present are exceed-
ingly rare.

Figure 1c depicts measurements where one time bin is occupied after
each measurement. Note that while we do often measure single photons,
even very weak coherent states do not reproduce single photon statistics, for
example, they would not be able to reproduce celebrated photon statistics
effects, such as the Hong-Ou-Mandel effect’”’. They do, however, provide
us with a convenient means to test early hybrid devices acting in the few-
photon regime. Fluctuations are introduced through the shot noise of single-
photon counting. Through the feedback, the photon counts of each time bin
are used to condition the photon losses applied to the same or other time
bins in the subsequent round-trip iteration. Hence, the quantum states
evolve step-wise through a measurement-and-feedback setting. By enfor-
cing a normalization condition for the total photons in all time bins, the
photon numbers in each time bin will be incentivized to self-align into a
configuration with the minimum loss, as the high-loss configurations will be
“punished” through the loop iteration. As we can conveniently control the
loss for individual time bins and the overall loss, one can apply constraints to
photon numbers in each time bin or the sum of all. This gives the flexibility
of optimizing practical problems that always come with various constraints.

Figure 1a presents a hybrid entropy computing system that operates on
time-bin modes using a measurement-feedback scheme. The optical signal
is generated by a C-band continuous-wave laser attenuated using a set of
programmable VOAs to produce weak coherent states. This signal is then
modulated by an EOM, driven by a radio-frequency (RF) waveform tailored
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Fig. 1 | An emulation system for entropy com-
puting using time-energy modes and a
measurement-feedback scheme. a The optical sig-
nal is generated by a continuous-wave laser followed
by a set of variable optical attenuators (VOA). It
passes through the electo-optic modulator (EOM),
the periodic-poled lithium niobate (PPLN) for
nonlinear process, and is detected by a single photon
detector (SPD). The time correlated single photon
counting (TCSPC) results are fed to a field-
programmable gate array (FPGA) board, where the
radio-wave input to the EOM is calculated and
generated in a digital-to-analog converter (DAC) for
each time bin. Here, the nonlinear circuit (in this
case sum frequency generation via PPLN), photon
detector, and the FPGA function together as a
mixer/encoder. b The quantum states are encoded
into a train of time-bin states of light in the photon-
number Hilbert space. The linear loss in the
Hamiltonian is mapped into probability amplitudes
of a wave function. Each variable of the objective
function is assigned to each time bin, creating
“qudit” equivalent that is widely used in high-
dimensional temporal encoding in quantum ran-
dom number generation, quantum key distribution,
and single-photon sensing®*'. ¢ The single photon
collapsed states are collected one by one and accu-
mulate to create the next feedback to tailor new wave
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for each time bin. The modulated, single-photon-level signal is combined
with an undepleted O-band pump in a periodically-poled lithium niobate
(PPLN) waveguide for a sum-frequency generation (SFG) nonlinear pro-
cess. The upconverted photons are detected using a high-efficiency, low-
dark-count silicon single-photon detector (Si-SPD). Time-correlated single-
photon counting (TCSPC) data is sent to a field-programmable gate array
(FPGA), which computes the appropriate RF waveform and drives the
EOM via a DAC on a per-time-bin basis. In this architecture, the nonlinear
circuit (SFG in PPLN), photon detection, and FPGA together form a
feedback-based optical mixer and encoder. Figure 1b, ¢ show that, over
multiple feedback loops, the accumulated photon counts in each time bin
represent the values of corresponding variables. The resulting time-bin
histograms at each iteration reflect the state vector of the Hamiltonian at that
moment. For accurate operation, it is critical to maintain an ultra-low dark
count rate in the SPD so that the measurement is dominated by shot noise.
The speed of single-photon detection is a key factor influencing the
overall feedback latency. To ensure a compact and stable system, PPLN is
used to leverage the high efficiency and low dark count performance of the
Si-SPD.

Coherent states quantum state of light closely resemble classical
oscillations of the light field, but also include quantum noise, specifically
shot noise. In this hybrid system, single photon count of each time-bin
experience Poisson noise which is taken advantage as a source of “entropy”
or “fluctuation”, in each feedback loop. We define this parameter as

“quantum fluctuation coefficient” that equals LN, following the standard
deviation of Poisson distribution where N the number of photon collected in
each time-bin. Therefore, throughout the measurement and feedback
process, the injection of fluctuations enables a search of the solution space,
which assists in bypassing the trapping of the system into local minima. The
results section of this paper evidences that the solution quality of Dirac-3 is
affected by varying quantum fluctuation or shot noise. We expect that an all
optical system could perform even better and we discuss a route to one in
supplementary note 1. It requires many incremental loops to find the global
minimum solutions to optimization problems with many variables. It is
worth noting that since the optical parts of the system do not involve large-
scale non-Gaussian quantum superpositions, they could in principle be
instead classically simulated, as has been argued in the coherent Ising
machine setting”*”. In spite of this fact, these machines still provide a useful
demonstration of what can be done in optical computing, and a preview of
what a fully optical system may be able to do. The ultimate goal of a quantum
version of an entropy computer would be to take full advantage of the non-
Gaussian statistics induced by Fock-state measurement, this is discussed in
supplementary note 4.

Dirac-3 optimization machine

The hybrid system can be used for a variety of optimization tasks, including
those of binary variables, mixed-integer variables, quasi-continuous, and
any combination of them. In this work, we focus on the minimization of the
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following cost function E over variables v;:

E=3Cvi+ Y Jvy + Zk Tyvivvit
i ij ij,

. 1)
> Quavivivii + 20 PinViviviViVm -

ijk,l ij.k,lm
Here, v;(i=1,2,3, -+ , N) are real numbers over a discrete space, C; are the

linear terms’ real-valued coefficients, while Ji;, Tjj, Qi Pijiim represent two-
body to fifth-body interaction coefficients that are real numbers subject to
the tensors J, T, Q, and P being symmetric under all permutations of the
indices. Furthermore, it is important to note that the probabilistic nature of
the optimization variables in the proposed entropy computing method
demands that all variables are non-negative, i.e., v; 2 0. To allow negative
variables, a linear transformation of the variables needs to be applied prior to
the problem encoding. While we are aware of proposals to implement
higher-order interactions in similar optical settings (for example™), we are
not aware of any other experimental implementations reported in the
literature. It is also worth noting that we do not necessarily need dense
higher-order interactions to encode interesting problems. As a concrete
example, here, the hardest satisfiability problems occur when the number of
clauses scales with the number of variables”. This concept seems to hold
when quantum heuristics are considered as well™.

In observation of the system openness due to effective dissipation and
gain applied during each feedback loop, a constraint on the sum of the
variables v; can be applied such that:

Z Vi = R. (2)

1

Thus, the proposed scheme finds minimal solutions of the loss function of
Eq. (1) subject to the sum constraint of Eq. (2).

Given a desired optimization problem formulated in the form of
relation (1), the optimization process is described below. First, a sum con-
straint R is chosen. Clearly, without a knowledge of the final solution, the
true sum of variables >_; is unknown. But one can readily bypass this
problem by introducing slack variables, as discussed in an example in the
next section. Once the sum is predetermined, an initial photon qudit state is
generated from the noise and launched in the system. After propagating in
the closed loop, the photonic state is measured and evaluated to prepare the
state for the next iteration.

In stark contrast with the Ising Hamiltonian, which is the basis model
for the majority of quantum annealers, the above objective function involves
polynomial terms (up to fifth order in our present experimental demon-
stration) over discretized variables. In this regard, the proposed hybrid
quantum optimization machine offers two immediate advantages over an
Ising solver; (i) it can naturally represent higher than binary optimization
problems, and (ii) it involves k-body interaction terms (k=1, 2, 3, 4, 5).
Accordingly, it offers great potential in efficiently solving continuous and
integer variables as well as problems that naturally involve higher-order
interaction terms, such as the satisfiability boolean, without requiring
additional complex encoding or incorporating auxiliary variables that add to
the size of the problem in case of an Ising solver. Furthermore, the proposed
machine naturally allows for dense long-range interactions in all orders of
the interactions, which alleviates the requirement for complex embedding
algorithms. Here, we report results from our first commercially available
machine, which we call Dirac-3. Dirac-3 is an optimization solver that
implements the entropy computing paradigm discussed above.

Results

In the following, we first use a simple 2-variable problem to illustrate the
optimization process in our early hybrid implementation of our entropy
computing paradigm. Next, we present results from two benchmark hard
optimization problems from known libraries. In general, benchmarking
systems like ours is a challenging problem. We do, however, present some

promising experiments to show how the technology works. Here, we use
two different types of problems: a non-convex quadratic problem and a
combinatorial graph cut problem.

We first consider a simple two-variable optimization problem, defined
through the objective function g(x, y)=(x'+y")/4 50 + )/
3 +3(x% + ). As depicted in Fig. 2a, this function contains three local
minima at (x, y) = {(0, 3), (3, 0), (3, 3)} as well as a global minimum at
(x,y) = (0,0). To solve this problem using Dirac-3, we consider 3 variables vy,
vy, and v, with v; and v, representing x and y, respectively, while v,
represents a slack variable, which is not coupled to any other variable but
used to effectively relax the sum constraint. In this manner, one can consider
a relatively large sum constraint of R = 100 to incorporate a larger range of
potential solutions. Figure 2b shows the evolution of the energy level for 20
different runs as the system evolves toward an equilibrium point. The
evolution of the variables versus the number of iterations is shown in Fig. 2¢
for three exemplary cases. These figures indicate rapid convergence of the
solution after only a few iterations. Even more interestingly, the trajectories
of the optimization variables in the two-dimensional (x, y) plane (Fig. 2d-k)
show that the system takes steps to avoid the local minima, even though in
all cases the initial point was located within the attractor basins of the local
minima.

We next consider a non-convex quadratic optimization problem
(QPLIB_0018) with 50 continuous variables over a fully connected weighted
graph, selected from QPLIB, alibrary of quadratic programming instances™.
The cost function of this problem is of the form f(x) = C"x + x"Jx, where,
X = (X],%,, -, X5)" and x0. Figure 3a show the equilibrium energy
distribution over 500 runs of Dirac-3 compared with the results obtained
from a conventional gradient descent algorithm. Dirac-3 successfully finds
the ground state in almost 80% of instances. The evolution of the energy
level is plotted as a function of the iterations (red) and compared with those
obtained from gradient descent (blue) over 50 different runs, shown in
Fig. 3c. The inset depicts the evolution of the solution with the number of
iterations, indicating rapid convergence of the solution after a few iterations.
An important observation here is that the problem is hard enough for
gradient descent to become stuck in a sub-optimal solution, but that Dirac is
able to avoid these local minima and find the true optima. This shows that
the device is able to do more than just perform updates based on local
information from flipping single bits, an encouraging sign for the method.

It is important to evaluate the performance of the entropy computing
machine while operating with classical versus quantum states of light. We
currently use (weak) coherent states as input, while weak coherent states by
themselves always behave classically regardless of average photon number,
interactions with nonlinear elements can yield quantum states within the
device itself; therefore, discussion of quantum states is justified. However,
very strong nonlinearity (stronger than is currently available) would be
needed to be able to achieve all optical implementation, see discussion in
supplementary note 1. For this purpose, we investigate the optimization
performance for various mean photon numbers 4, associated with both
regimes. As the same time, we explore how solution quality is affected when
shot noise is varied in each feedback loop. It is expected that a high prob-
ability of operating in the single-photon regime and high shot noise are
required in every feedback loop to constantly boost the stochasticity of the
system, promoting chances of jumping out of local minima.

We perform the experiment using the same non-convex quadratic
optimization problem (QPLIB_0018) from the library for programming
instances. In the current Dirac-3, we varied tp from 0.03 to 1.33% which is
equivalent to 98.67 to 99.97% probability of a single-photon regime. Note
that similar strategies, but not at such extremely low photon numbers have
shown promise in CIM*’. Figure 3b shows the average energy level returns
after 20 runs versus the various mean photon number and quantum fluc-
tuation coefficient. Each pixel represents the average energy returns (Fig. 3b)
after 20 runs. Thus, this experiment provides evidence that better solutions
or lower average energy returns for an optimal range are associated with
lower mean photon numbers. By increasing 4, the solution quality dete-
riorates as the system is more likely to be trapped in local minima. On the

Communications Physics| (2025)8:411


www.nature.com/commsphys

https://doi.org/10.1038/s42005-025-02324-6

Article

b C
AN
30 — x
= <3 %
—— 0 =T
30 40 50 60 70 80 0 10 20 30
iteration # iteration #

Fig. 2 | Solving a two-variable non-convex quadratic optimization problem. A
two-variable non-convex polynomial optimization problem is considered. a A
visualization of the energy landscape that involves three local minima and a global
minimum at (x, y) = (0, 0). b The iterative evolution of the cost function of the
proposed hybrid entropy computing solver over 20 runs. ¢ Three exemplary evo-
lutions of the optimization variables involved, including the slack variable (x3), over

iterations of the entropy computing solver. d-k Eight exemplary trajectories of the
optimization variables in the two-dimensional (x, y) plane as the solver evolves
toward equilibrium while starting from different initial conditions. In these figures,
the solid lines show the trajectory of the entropy-computing solver, while the dashed
lines depict the trajectory of a gradient-descent solver. More details on the gradient
descent method can be found in supplementary note 3.

other hand, lower y;, promotes more single photon states, leading to higher
probabilities of escaping local minima and converging to the global mini-
mum. Furthermore, it is important to note that there is a trade-off between
increasing the quality of the solution by operating in the low-photon-
number regime and reducing the optimization time. Operating at lower
photon numbers requires a longer time to accumulate enough photons,
leading to an increase in time for the system to stabilize in an equilibrium
state. Notice that further reducing the single photon rate, the classical
(thermal) noise from the single-photon detector’s dark count deteriorates
the results, too. This can be quantified into a parameter, the quantum-to-
classical ratio (QCR), defined as the photon detection rate divided by the
dark count rate, which decreases for lower photon numbers. Fig. 3d, e
captures the number of ground states found after 500 runs when decreasing
Yy (from right to left) when optimizing QPLIB_18 problem, ground states
are found more often. However, when the average photon count reaches the
dark count level of the SDP, the number of ground states found reduces
accordingly.

Solution quality evidently changes while studied with various quantum
fluctuation coefficients. Values of the vertical axis on Fig. 3d shows the
percentage of shot noise present when collecting photons in each time bin.

For example, 0.1 quantum coefficient fluctuation means 10% of the photon
count measured across all time bins comes from Poisson noise. In this
experiment, increasing shot noise (top to bottom) shows improvement in
average returned energy over multiple runs. This also explains the evolution
trajectory of Dirac-3 in searching for optimal solution in a non-convex
energy landscape shows “quantum-tunneling-like” behavior in Fig. 2. As the
system appears to be able to escape local minima highly effectively. Notice
that true tunneling would require a large-scale quantum superposition,
which is not realizable in a hybrid setting. However, numerous classical
systems can illustrate behavior that is similar to tunneling and matches
tunneling rates. This can be seen in ref. 41 through the physics of a semi-
classical diabatic cascade, or in the ability of path-integral quantum Monte
Carlo (a classical algorithm) to match the tunneling rates through a simple
barrier®.

In this hybrid optimization machine implementation, FPGA can be
conveniently engineered to accommodate these higher order of interaction
terms, making this architecture practical with current technology***. Thus,
on this hybrid measurement-feedback-based approach, time-to-
convergence depends partially on the FPGA and its architecture for the
multiplier. It is worth emphasizing that this current FPGA-feedback-based
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(red). ¢ Energy evolution versus the number of iterations on Dirac-3 (blue) and
gradient descent (red). The inset shows the evolution of the solution versus itera-
tions. b Relationship between the mean photon number (i), quantum fluctuation
coefficient,and key performance metrics - average returned energy. The transition
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from left to right represents an increase in mean photon number (u), showing the
probability that Dirac-3 is operating in a single-photon regime. Quantum fluctua-
tion or shot noise is used as LN where N is the number of photon count accumulated
in each time-bin. From the bottom to the top of the vertical axis, this coefficient is
gradually decreased. d,e Average returned energy and number of ground states
found after 500 runs are collected when mean photon number is decreased further
up to 0.002%, close to the level of dark count of single photon detector.

architecture cannot support large-scale quantum superpositions, similar to
measurement-and-feedback-based CIM*. However, such an early imple-
mentation can provide an test of how the algorithms can perform even in the
absence of such correlations, being able to perform well in this setting is
valuable evidence for how well an eventual device based on optical inter-
ference could preform. While the use of the FPGA is a key limitation, we
believe that relatively early (in the implementation of the paradigm) tests,
such as those performed here, provide an important indication as to whether
the direction is viable to support highly performant optimization. In this
case, the results are suggestive that it indeed can.

Next, we consider a combinatorial optimization problem, the max-
imum cut (max-cut) problem, that is known to be NP-hard. Considering for
simplicity an unweighted graph, the max-cut is a partition of its vertices into
two complementary sets, such that the number of edges between the two sets
is maximal. This problem can be generalized to maximum k-cut (max-k-
cut), where, the vertices are partitioned into k disjoint subsets, such that the
number of edges between the k subsets is maximized. Although the

proposed entropy computing paradigm deals with continuous-valued
variables in general, it can be utilized to solve such discrete problems by
suitable encoding of a discrete (e.g., spin) degree of freedom in the con-
tinuum, which can be done in different ways. One way is to map a binary
o
one can embed a classical bit onto the continuum and identify the two states
by taking the maximum of x; and y; variables. Furthermore, the values of x;
and y; can be regularized by considering a regularization term that can be
chosen as x;+ y;=1 in its simplest way. This approach can be readily
extended to consider a ternary digit (trit), a quaternary digit (quit), and so
on, which allows for tackling a general k-state standard Potts problem with
the proposed entropy computing machine.

Now, considering a graph with N nodes, described with adjacency
matrix A, ie., A;=1 for adjacent nodes andA,-j = 0 otherwise, the max-k-cut
problem can be formulated as minimizing the following objective function:
E= ZiJAij_s)i . _s)j +AZiH_s),- — 1’ where the second term is an

variable s; € {0, 1} onto a vector _s>,- =x +; ( ? ) . In this manner,

I
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Fig. 4 | The results for solving the max-k-cut problem. The optimization results for
solving combinatorial problems of max-cut, max-3-cut, and max-4-cut on a 30-node
unweighted graph that is generated randomly with p = 0.5 probability of con-
nectivity between each two nodes. a-c The visualizations of exemplary graph cuts
with different numbers of partitions. d-f The distribution of the cut sizes over 100

cut size

cut size

runs of the max-2-cut (traditional max-cut), max-3-cut, and max-4-cut problems on
Dirac-3 using relaxation schedule 1. g-i Similar distributions when using the
schedule 4. j-1 The distribution of the cut sizes over 100 runs of the same problems
using semi-definite programming (SDP).

L1-norm regularization term with a parameter A. It is straightforward to cast
this objective function in the form of relation (1). This results in a quadratic
function involving gN variable, where g is the dimension of a single artificial
spin state and N is the size of the graph.

To test this formulation, we consider a randomly generated graph of
N =30 nodes such that each two nodes are connected with a probability of
p = 0.5. Figure 4a—c visualizes exemplary partitioning of this graph into 2, 3,
and 4 groups through the proposed entropy computing system. This par-
ticular graph has 233 total links, and we found the maximum cut size to be
146. Histograms of the cut sizes obtained for 100 different runs of the max-
cut, max-3-cut, and max-4-cut problems using the entropy computing
solver at schedule 1 are shown in Fig. 4d-f, and using schedule 4 in Fig. 4g-i.
The results are compared with those obtained from Semi-Definite Pro-
gramming (SDP) shown in Fig. 4j-1. Here, we used the CVXPY package
with the SCS solver to solve the semidefinite program. As expected, we
observe that schedule 4 provides better results. In the version of Dirac-3
reported here, schedule 1 was set to have a smaller number of feedback
loops, a lower quantum fluctuation coefficient, and a higher mean photon
number compared to schedule 4. In addition, as this figure clearly indicates,
in all cases the entropy computing machine provides excellent results that
outperform SDP results. As a reference, it is worth mentioning that SDP
relaxation for max-cut has a performance guarantee of the ratio of 0.878%,
which translates to a cut size of 128 for the particular graph considered here.
For the results presented in Fig. 4, the regularization parameter was chosen
tobe A =5.

Discussion

We experimentally demonstrated entropy computing through a hybrid
photonic-electronic system that builds on time-multiplexed photon qudit
time bins propagating in a closed feedback loop involving electronic
interconnects for implementing a reconfigurable effective optimization cost
function. We demonstrated the successful operation of the proposed system
for solving non-convex and combinatorial optimization problems. Results
show that Dirac-3 found the ground state more often than classical gradient
descent on a non-convex optimization problem with constraints. Dirac-3
also performs superior to SDP in solution quality on Ising and standard

Potts problems. The presence of the sum constraint in the current Dirac-3
machine becomes an advantage in problems that intrinsically involve this
natural restriction. Such problems emerge in portfolio optimization,
resource allocation problems, diet problems, knapsack, network flow pro-
blems, and election and voting systems*’~’. One of the key strengths of the
proposed entropy computing machine is its flexibility in encoding, allowing
it to handle continuous and integer variables. This capability sets it apart
from many classical and quantum solvers that are primarily designed for
binary Ising/QUBO problems, and it opens up new possibilities for efficient
solutions in diverse applications, including grid optimization and machine
learning tasks like clustering and decomposition®"*”. Traditionally, imple-
menting higher-order interactions in Ising, Potts, or XY problems on analog
hardware solvers requires a quadratization step for polynomial
reduction”**". Dirac-3 simplifies this process by directly mapping high-
order optimization problems, promising an increase in precision and
solution quality while consuming fewer resources by eliminating the need
for auxiliary variables™°. Further studies and benchmarking are necessary
to fully explore the capabilities of Dirac-3.

The speed of our approach comes from the relaxation mechanism as
well as the fast propagation and processing of information within light. Our
current Dirac-3 hybrid implementation does not utilize quantum entan-
glement. Rather, we demonstrated that our approach to analog optimization
is capable of escaping local minima in dense NP-hard problems and per-
forms well, using the intrinsic randomness of quantum fluctuations in
photon number, an early demonstration of a key aspect of our paradigm of
entropy computing. Recently, some studies have demonstrated that taking
advantage of quantum superposition, which extends from the double-slit
experiment, key role to discovery of quantum mechanics, provides advan-
tage in computation, machine learning, and imaging tasks”’.

The current hybrid architecture of the entropy computing system
exhibits low energy consumption (below 100 W during operation), com-
parable to a laptop. Further benchmarking needs to be done to appreciate
energy advantages of this architecture. This energy footprint is expected to
decrease significantly when the system is implemented entirely on an
integrated photonic platform. This shift towards an all-optical approach
holds promise for a practical and sustainable unconventional computing
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paradigm, contributing to solving energy rising issues by high performance

computing®".
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