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Abstract: Ising machines can efficiently solve real-world combinatorial optimization problems.
Among them, photonic Ising machines (PIMs) exploit the parallelism and broadband
bandwidth of optical systems to outperform digital computers in certain metrics. However, the
bulky footprint of conventional discrete components imposes significant limitations on the
miniaturization of current PIMs. Meanwhile, the scalability of problem size and spin
connectivity density is constrained by limited computational resources. To address these
challenges, we proposed and demonstrated an integrated PIM (IPIM) based on a hybrid
architecture on a silicon-based photonic platform with an optical component footprint of 0.065
mm?, achieved success rates exceeding 90% in finding global optimal solutions across all three
benchmark tests. To tackle the common challenge in PIMs, where large-scale and high-
connectivity-density problems naturally incur high computational complexity, we developed a
joint algorithm with sparsity, inverse sparsity, and decomposition operations (JA-SID). Using
this approach, we successfully solved Ising problems with sparse and dense spin connectivity,
involving 102,400 spins. In addition, we introduced an optimized parameter configuration
scheme (OPCS), which reduced the iteration count by over 50% for slowly converging
problems, thereby lowering time complexity and power consumption. In practice, we used the
IPIM to successfully partition a Facebook social network with over 60,000 users,
demonstrating its capability to handle ultra-large-scale real-world problems. Our research
substantially extended the applicability of IPIM, offering a promising solution to the increasing
global demand for computational resources.
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Introduction

A wide range of real world problems can be categorized as combinatorial optimization
problems [1]. By translating practical constraints into mathematical formulations and defining
appropriate objective functions, such problems can be effectively modeled and solved in
various areas, including computer science [2, 3], operations research [1, 4-6], healthcare [7, 8],
communications, and circuit design [9]. Due to their NP-hardness and exponential complexity
[1, 6], it is difficult to efficiently solve combinatorial optimization problems on classical von
Neumann-based computers. Despite the use of heuristic algorithms, inherent limitations in
algorithmic principles or hardware often prevent these systems from efficiently solving ultra-
large-scale problems [10, 11]. Contrasting with these computational bottlenecks is the
exponential growth in demand for large-scale computing, exemplified by million-member
community analysis in social network and billion-node placement challenges in advanced chip
design. Accordingly, narrowing the gap between current computational capabilities and
increasing real world demands is now a key priority.

By mapping combinatorial optimization problems into Ising models, Ising machines (IMs)
enable rapid solution finding through efficient exploration of the solution landscape [5, 10, 12-
16], positioning them as a powerful approach to tackle NP-hard and NP-complete problems
that are typically intractable for classical computers [1, 6]. IMs can be broadly classified into
photonic [10, 13, 14, 17-24], magnetic [5], and electronic [15, 16] implementations, among
others. Photonic IMs (PIMs) benefit from the intrinsic properties of optical systems, such as
parallel processing capability, low power consumption and high speed. The exceptional
computational capabilities of optical platforms, especially their performance in both linear and
nonlinear regimes [25-29], offer promise for efficient PIMs [30].

Currently, PIMs are implemented through several approaches, including fiber-optic based
architectures [10, 13, 19], quantum annealing methods [12], and spatial optical systems [31-
34]. Although these techniques have demonstrated considerable potential, they commonly face
challenges in terms of scalability, system simplicity, and integrability. Accordingly, attentions
have been directed toward integrated PIMs (IPIMs) [17, 22, 30, 35]. Nonetheless, existing
implementations are often hindered by fabrication complexities associated with heterogeneous
integration [17], or by intrinsic limitations in scaling the number of spins [35]. On the other
hand, most PIMs rely on matrix-vector multiplication (MVM) [2, 10, 13, 14, 17, 22-24, 30-
34], leading to a quadratic scaling of computational complexity with system size. Some studies
have cleverly exploited the sparsity of the coupling matrices in certain Ising problems to reduce

computation through sparse algorithms [17]. However, these methods become ineffective for



densely connected spin systems. Although those PIMs may inherently support full spin
connectivity, the enormous computational demand results in high time complexity and memory
bottlenecks, limiting solving efficiency [10, 17]. Therefore, there remains a critical gap in the
development of IPIMs that can concurrently realize low integration complexity and ultra-large
scale computational performance.

In this work, we therefore propose and demonstrate an IPIM based on silicon photonics.
The IPIM is a hybrid optoelectronic solver, comprising a nonlinear update chip and an
electronic feedback module. The IPIM chip integrates a silicon (Si) modulator and a
germanium-silicon (Ge-Si) photodetector, providing a solution for stable on-chip Ising
sampling in large-scale scenarios. In benchmark tests on graph partitioning problems with
100+-spins across three distinct topologies, our IPIM achieves convergence to global optimal
solutions with over 90% probability within 100 iterations. As shown in Figure 1(a), PIMs
generally face two major challenges in large-scale computations. The first is the quadratic
increase in linear computational cost with problem scale, and the second is the efficiency
degradation of sparse matrix algorithms caused by a sharp rise in the number of non-zero
elements under large-scale densely connected scenarios. To overcome these limitation, we
developed a joint algorithm with sparsity, inverse sparsity, and decomposition operations (JA-
SID). The JA-SID mitigates the cache bottleneck induced by diverse large-scale coupling
matrices while enhancing linear computational speed and energy efficiency for such problems.
With stable optical hardware performance and the JA-SID assistance, we successfully solved
the MAX-CUT problem for both a sparse graph and a complete graph with 102,400 vertices,
while reducing the computational resource consumption for linear operation by up to four
orders of magnitude. To further enhance the computational efficiency of architecture of this
type, we introduce an optimized parameter configuration scheme (OPCS). This approach
achieves a remarkable reduction of over 50% in required iterations, effectively mitigates the
domain freezing problem that plagues such PIM systems, and has been successfully applied to
ultra-large scale graph partitioning problems. Finally, we return to real world problem solving
by addressing a Facebook social network partitioning problem with over 60,000 netizens.
Compared with conventional optimization algorithms, our solution demonstrates superior
convergence performance, validating IPIM's potential for rapidly solving ultra-large-scale real-
world problems. We believe that our IPIM based on silicon photonics presents a
technologically viable solution to meet the increasing computational demands of ultra-large

scale and fully connected combinatorial optimization in the future. Moreover, its low



integration complexity and compatibility with existing manufacturing processes make it highly
suitable for deployment in real world applications.

Results

Principle of the IPIM

The architecture of the proposed IPIM chip is depicted in Fig. 1(b). Its core components
comprise an integrated Si Mach-Zehnder interferometer modulator (MZM) and a Ge-Si
photodetector, which together enable the nonlinear dynamics required for spin bistability. In
the electronic linear processing stage, all spins are processed in parallel by executing the
synchronous buffering rule for feedback vectors directly through MVM. It can be expressed as
Eq. 1, illustrated in Fig. 1(c). Here, X represents the spin vector composed of all spin
amplitudes at the k-th iteration, and Fx+1) represents the feedback signals vector used for the
nonlinear operation in the (k+1)-th iteration. The matrix J is obtained through a linear
transformation J=ol+fJcoupte, Where Jeouple 18 the coupling matrix that describes how spins
interact [17]. The parameter o represents the system gain and the parameter £ is mutual-
coupling coefficient, which are used to adjust the gain strength of every spin and the interaction
strength between different spins, respectively. The nonlinear operation can be expressed as Eq.

2, where . represents Gaussian noise. During the iterative process, the chip enables nonlinear

dynamics that approximate those described by Eq. 2, facilitating spin bifurcation. This results
in the spin amplitude x stabilizing into one of two discrete states, corresponding to spin-up or
spin-down [17, 20]. The detailed formulation of the Hamiltonian and its associated coupling

matrix for the MAX-CUT problem is provided in Supplementary Information Section S1.
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In the JA-SID architecture shown in Fig. 1(c), an algorithmic module is implemented
comprising three parts: the sparse matrix algorithm (SMA), inverse sparse matrix algorithm
(ISMA), and matrix decomposition algorithm (MDA). Depending on the structure of the
coupling matrix, these algorithms are applied individually or in combination to alleviate cache
bottlenecks and restrain the growth of computational time for large-scale problems. For SMA,
we adopt selective storage of non-zero elements for computation. While for ISMA, it optimizes
dense or locally dense matrices by storing zero-element positions to indirectly compute the
feedback voltage vector F. For MDA, we exploit the decomposable nature of this PIM

computing paradigm by partitioning the matrix J into submatrices Js 11, Js,12, ... , Js,mn and the



spin vector X into subvectors Xs 1, Xs», ... , Xsn to align with hardware cache sizes for streaming
operation. Alternatively, as an auxiliary step, MDA decomposes the original matrix and
distributes the computational tasks of sparse or dense submatrices to SMA and ISMA
respectively for parallel processing.

The mathematical process described above achieves convergence through iterative
operations within the coherent oscillation system depicted in Fig. 1(d). This system employs a
hybrid architecture integrating signal conversion modules, digital signal processing cores, and
optoelectronic computing chip. Optoelectronic signal transduction is implemented using the
IPIM chip, whose cross-section is shown in Fig. 1(e). The chip integrates a 250-um-long
modulator (Fig. 1(f)) and photodetectors with dimensions of 60 um % 40 um (Fig. 1(g)). The
full electro-optic-electronic response of the chip is characterized in Fig. 1(h). Analog-to-digital
(ADC) and digital-to-analog (DAC) conversions are precisely managed by a data acquisition
card and a programmable voltage source, respectively. More details about characterization of

other integrated photonic devices can be found in Supplementary Information Section S3.

Benchmark tests of the IPIM

We first performed benchmark tests to evaluate the computational capability of the IPIM and
to verify that the nonlinear dynamics of the on-chip Si modulators can reliably achieve spin
state convergence. The evaluation employs multiple benchmark topologies commonly used in
IMs [17, 20, 36]. We selected a square lattice graph (100 spins), a triangular lattice graph (144
spins), and a Mobius ladder graph (100 spins) to test the IPIM's performance on MAX-CUT
problems. The experimental results presented in Fig. 2 demonstrate that, across 50 independent
trials, the success rates of reaching the ground state within 100 iterations are 100%, 90%, and
94%, respectively. Furthermore, under suboptimal solution criteria (96%, 92%, and 76% of the
ground state energy), the system demonstrates stable convergence characteristics. Different
from classical algorithms like simulated annealing (SA) that typically require tuning over five
parameters [11], the IPIM utilizes only two parameters, a and . This simplicity enabled
efficient optimization of parameter values across different problems: square lattice (a0 = 0.28,
S =0.15), triangular lattice (a = 0.29, = 0.15), and Mo6bius ladder graphs (o = 0.26, = 0.15).
Compared to other schemes [20, 24], this architecture achieves a significant improvement in
solving success rates. We attribute the observed benchmark improvements to the integrated

device's advantages of reduced alignment sensitivity and enhanced environmental robustness.



JA-SID

For an Ising network with N spins, the overhead of nonlinear operations in each IPIM iteration
primarily arises from the responses of modulators and photodetectors, as well as the
ADC/DAC. These costs scale linearly with the number of spins. In practical implementations,
both time-division and space-division multiplexing can effectively scale the solving capacity
of IPIMs or PIMs, with the time and space complexity of nonlinear operations increasing only
linearly with system size. However, in the case of linear operations, the coupling matrix Jeouple
for N variables has NxN dimensions. When spin count increases by a factor of » with variable
number, the required floating-point operations (FLOPs) scale as 72, imposing quadratically
growing consumption on linear computation resources, consequently leading to increases in
computation time, energy consumption, space occupation, and device count compared to
nonlinear operations.

To address these limitations, we introduce JA-SID as a practical adaptation for this IM
architecture, as shown in Fig. 3(a). It designed with an optimization strategy based on the
intrinsic characteristics of Ising problems. First, Ising problems can be classified as dense or
sparse according to the abundance of zero elements in their coupling matrices[37]. For most
graph problems (e.g., G-set benchmarks), the Ising coupling matrix directly derives from the
negative of the adjacency matrix, in which the elements {0,1} represent non-connection and
connection, respectively.

Classical MVM operations, as defined in Eq. 3, exhibit computational redundancy,

resulting in O(N*) FLOPs. Even when using sparse formats like compressed sparse row (CSR)

(as formalized in Eq. 4), non-zero elements "1" must still be stored and computed, resulting in
unnecessary multiplications or ineffective handling of dense matrices. To address this
bottleneck, we introduce an implicit scarcity principle for elements, in which only the positions
of scarce matrix elements (e.g., "-1" in sparse matrices or "0" in dense matrices) are stored,
allowing additions or subtractions to replace multiplications. The SMA algorithm targets sparse
matrices by directly summing the elements of -X corresponding to the "-1" positions to generate
the computed vector Y, as formalized in Eq. 5. Conversely, the ISMA algorithm handles dense

matrices by storing the indices of "0" elements and computing Y as the accumulation at these

indices minus the total sum of X, as described in Eq. 6. In Egs. 3 to 6, U_,; denotes the index

set of "-1" elements in the sparse Jeoupte, U, represents the index set of "0" elements in the

dense Jeouple, the vector Y represents the result of the MVM between the coupling matrix and

the spin vector. The feedback voltage vector F' can be obtained by a linear combination:



F=o0X+pY. Since the number of operations required for this linear combination is only 35, its
computational complexity becomes negligible compared to the O(N?) complexity of MVM in

large-scale problems. Moreover, because the coefficients a and f are fixed, the computation

time of this operation in hardware is considered insignificant relative to that of MVM.
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The MDA performs two critical matrix decomposition functions. First, it partitions binary
(0-1) matrices into submatrices, distributing subblocks of varying densities to the SMA and
ISMA for parallel sparse processing, thereby enabling global acceleration. Second, when
dealing with extremely large real-valued matrices that may cause cache bottlenecks, the MDA
collaborates with the SMA to implement efficient streaming processing.

The ISMA is a method for IM linear operations that was thoroughly validated to address
dense graphs. According to Eq. 6, given the nonzero element density D of the coupling matrix
Jeowple (The definition of D and its relationship with graph density are provided in
Supplementary Information Section S2.), the classical MVM requires storing N*+N data
elements for multiplication, while the ISMA only needs (1-D)N?+N. For FLOPs, the counts are
N*+N(N-1) and 2N-1+(1-D)N? respectively. This results in reductions in both cache usage and
operation count. Moreover, FLOPS in ISMA are lower-latency addition operations. For
instance, when processing random graphs with D=0.99 (Fig. 3(b)), ISMA achieves 100x and
200x reductions in cache data volume and FLOPs (as shown in Figs. 3(d) and (e)). For denser
graphs with D=0.999 (Fig. 3(c)), the improvements reach 1000x and 2000x according to Eq. 6
(as shown in Figs. 3(f) and (g). As a result, with ISMA support, the randomly generated graphs
at these two densities achieved speedup factors of over 60% and 400x, respectively (Fig. 3(h)).

Finally, to investigate the relationship between nonzero element density D of the coupling
matrix and algorithmic performance, we scanned random matrices with D ranging from D=0.1
to 0.9 in 0.1 increments, spanning graphs of 10,000 to 100,000 nodes (Fig. 3(i)). SMA was
employed for D=0.1-0.5 and ISMA for D=0.6-0.9. The experiment results reveal superior
acceleration performance of ISMA at higher sparsity (for example, D=0.1) and higher density



(D=0.9), while the weakest performance occurs at D=0.5, consistent with theoretical
expectations. It is worth mentioning that these results were obtained in non-parallelized
execution environments. Thus, even at D=0.5, the cache data volume and FLOPs demonstrate
a 50% reduction (for 100,000-node graphs), suggesting that additional parallel operations could
be implemented within constrained processor runtime resources to further enhance
computational speed.

Performance of ultra-large scale solution

To address the domain freezing problem in large-scale spin systems, we introduce an optimized
parameter configuration scheme (OPCS) inspired by the pump intensity scheduling technique
used in DOPO system for convergence acceleration [10]. Our scheme operates on parameter «,

which schedules the gain, and parameters £, which schedules the coupling strength. While the

gain parameter a promotes spin amplitudes reaching steady states, an excessively high a can
interfere with spin interactions in the Ising network, causing premature convergence and loss
of convergence ability. Consequently, after a brief iteration, most spins stabilize, while
remaining spins form resistant domains [10, 19]. Our OPCS mitigates this by moderately
strengthening coupling constraints on unconverged spins while reducing the influence of gain
on mutual coupling. Specifically, after several iterations, a is decreased and S increased,
preventing parameter drift caused by converged spins and avoiding mismatch between required
and actual parameters during iteration, thereby accelerating Hamiltonian convergence.

Before evaluating the effectiveness of OPCS in reducing the number of iterations, it is
essential to verify the deterministic nature of the system. As shown in Fig. 4(a), when starting
from the same initial condition and keeping all parameters fixed, the algorithm consistently
converges to the same result in an identical or nearly identical iteration steps, even when small
noise perturbations are introduced during the iteration process. This confirms that the
convergence process is deterministic, which justifies the use of a fixed initial state to enable a
fair and controlled comparison between configurations with and without OPCS.

To evaluate the feasibility of OPCS, we designed three parameter configuration schemes
under identical initial conditions, and their corresponding simulation results are presented in
Fig. 4(b). The simulation methodology can be found in Supplementary Information Section S4.
Here, Param1 adopts the typical fixed parameters (a=0.25, f=0.2 throughout); Param?2 follows
the OPCS by maintaining a=0.25, f=0.2 for the first 100 iterations before switching to 0=0.015,
£=0.31; while Param3 serves as a control with a=0.015, f=0.31 applied throughout the entire

process. Experimental results demonstrate that the OPCS (implemented with Param?2)



significantly reduces iteration steps compared to Param1. And to verify that this optimization
effect is not solely attributable to the later-stage parameters (¢=0.015, f=0.31), we introduced
Param3, whose simulation results reveal that prematurely decreasing a and increasing /5 causes
delayed energy reduction and even temporary energy increase during early iterations. Although
eventual convergence is achieved, its overall performance remains inferior to Param?2, thereby
confirming the necessity of phased dynamic parameter regulation in OPCS. Finally, as
conclusively demonstrated in Fig. 4(c), we validated the effectiveness of OPCS (Param?2)
through five independent simulations with uniform initial values, all achieving over 50%
iteration reduction compared to the traditional scheme (Param1). This indicates that the OPCS
can also effectively achieves the same proportional reductions in both computational time and
energy expenditure. It is worth mentioning that the above simulations are designed not limited
to the specific physical system presented in this work.

To assess the computational capability of the chip for large-scale and long-duration problem
solving, as well as the effectiveness of OPCS, we employed a graph partitioning task on a
square lattice with 102,400 spins—representing an ultra-large scale combinatorial optimization
problem. Figures 4(d) and (e) show the experimentally measured spin bifurcation and
Hamiltonian evolution. The parameters during experiment can be found in Supplementary
Information Section S5. Notably, the Hamiltonian drops significantly within the first 200
iterations, indicating that most spins have reached appropriate configurations. Figure 4(g)
shows that spin configurations exhibit rapid energy convergence at early stages, followed by
domain formation and a subsequent slowdown in the convergence rate. The proposed OPCS
effectively alleviates this stagnation, achieving the optimal solution in only 9,330 iterations—
substantially fewer than those required by digital simulations under the same conditions. For
comparison, the results obtained without OPCS are presented in Supplementary Information
Section S5 and are significantly inferior to those achieved with OPCS.

It is worth noting that a relatively low-performance programmable voltage source was used
in this study, together with a digital computer for circuit control. Initially, the limited
computational speed and resources of the IPIM system prevented it from completing a full
iteration at this scale. To address this, we implemented the JA-SID scheme shown in Fig. 3.
Experimental results demonstrate that the IPIM with JA-SID effectively solves large-scale
problems above 100,000 spins, achieving an optimal balance between resource use and cost.
Additionally, OPCS further improves the IPIM’s computational speed and energy efficiency
during problem solving. This approach may also inspire other PIM architectures leveraging

bifurcation principles.



Additionally, we also evaluated the capability of our IPIM system to handle fully connected
problems. For the complete graph shown in Fig. 4(h), zero elements appear exclusively along
the diagonal positions in the coupling matrix. Leveraging this regularity, we further optimized
ISMA to store only the distribution pattern of zero elements, eliminating the need to retain the
full coupling matrix. This led to a four-order-of-magnitude speedup in linear computation
compared to conventional algorithms. It also overcomes the computational bottleneck observed
in square lattice graph problems, enabling convergence within fewer than seven iterations (Figs.
4(1) and (j)) to a Hamiltonian of -98,800, which corresponds to 96.48% of the global minimum
energy. The reduced number of iterations can be attributed to the gradual strengthening of
mutual coupling in the Ising network. Initially, spins are near the phase transition point with
near-zero amplitudes, leading to weak interactions. As some spins stabilize and reach
maximum amplitude, their influence on coupled spins increases. In a fully connected problem,
where every spin interacts with all others, this amplification is especially pronounced, rapidly
accelerating system convergence. On the other hand, the rapid convergence of the complete
graph reflects the competitive relationship between parameters a and S, which is consistent
with the theory underlying the OPCS.

Solving of Facebook network problem

To further investigate IPIM’s capability in solving large-scale real-world problems and assess
its competitiveness relative to other solvers, we utilized a publicly accessible Facebook user
dataset for evaluation[38]. This dataset contains information on 63,392 users and their mutual
follow relationships. In the corresponding undirected graph, each user is represented as a vertex,
and mutual follow connections between users correspond to 816,886 edges. Considering the
practical relevance of the problem, we apply graph partitioning techniques for community
detection. For example, the minimum cut problem can separate the user base into two distinct
communities, effectively identifying smaller social subgroups. However, since the minimum
cut problem is not NP-hard, we focus on solving the MAX-CUT problem to partition users into
two groups that maximize the number of mutual follow connections between them, as
illustrated in Fig. 5(a). The practical value of this approach lies in exploiting the semantic
significance of the edges to inform strategic planning. Specifically, edges represent mutual
follow relationships, which means that targeted information or recommendations sent to one
community (partition A) are more likely to spread efficiently to the other community (partition
B) via inter-community links, thereby greatly enhancing the effectiveness of information

diffusion or marketing campaigns.
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When employing the IPIM to solve this problem, we observed that the system could not
achieve convergence for all spins within a small number of iterations. However, consistent with
IPIM's performance on other problems, the solver can rapidly find a suboptimal solution during
the initial phase with explosive speed. As illustrated in Fig. 5(b), the energy decreases in the
Hamiltonian during the first 50 iterations accounts for over 90% of the total energy reduction.
While this does not guarantee a global optimum, it significantly enhances the response speed
for large-scale, time-sensitive real-world tasks.

To validate this advantage, we conducted a comparative analysis between SA and IPIM
under identical digital processing environments. The SA algorithm employs an exponential
cooling schedule with initial temperature T0=90,000 cooling rate 0.9998 per iteration, and
stopping temperature T1=0.001. For large scale networks, it utilizes incremental computation
of the objective function's change, avoiding costly global recomputation in each iteration. To
enable a fair runtime comparison with the IPIM at the same cut value (454,411), we further
configured SA without an inner loop, allowing SA to quickly reach the same cut value rather
than carefully searching for the global optimum. Digital simulation results demonstrate [PIM's
superior performance on large-scale tasks: at the same cut value (Cut value=454411), SA
required approximately 200 times longer computation time than IPIM as illustrated in Fig. 5(c).
This superiority stems from the inefficiency of SA in local neighborhood sampling, whereas
our bifurcation-based IPIM achieves global updates of the variable vector through MVM in
each iteration [39]. Although MVM involves a heavier computational load than neighborhood
sampling, which updates only a small number of variables per operation, this limitation can be
largely alleviated through MVM optimization, thereby accelerating the overall solution process.
Discussion
Compared with other approaches [17, 18, 35, 40], our proposed IPIM achieves a smaller optical
component footprint (0.065 mm?) while maintaining large problem-solving scale and high
connectivity, owing to the compactness of silicon photonic devices and the optimization
method for PIM linear operation. Our work also presents insights on optimizing linear
operations to enhance large-scale problem-solving capabilities. Among integrated photonics
schemes, our approach demonstrates a large problem-solving capacity (102,400 spins), along
with comprehensive validation on fully connected problems. Although current discrete
implementations can support larger spin counts (up to 360,000 spins) [41], chip-scale
architectures could potentially attain comparable scalability via massively parallel multi-
channel multiplexing. In terms of stability, some recent discrete approaches have achieved long

time stable operation using polarization encoding [42], femtosecond lasers [43] or microwave
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coupling [44]. In contrast, our IPIM, benefiting from integration and intensity encoding, can
stably run for more than 25 hours on square lattice problems and reach the optimal solution.
Table 1 shows the comparison of our proposed IPIM with literature [10, 17, 18, 20, 31, 34, 35,
40-45].

Notably, the computational speed of current systems faces two primary constraints. First,
the response time of thermo-optic modulators (ranging from microseconds to milliseconds)
forms an optical bottleneck in system speed. Second, although JA-SID can reduce computation
time for large-scale MVM through operation count reduction and cache optimization, the
ADC/DAC conversion remains strongly limited by the sampling rates of programmable
voltage source and data acquisition card. However, on a positive note, many integrated
photonic devices are capable of performing nonlinear computations within several picoseconds
[46, 47]. Moreover, prior works have demonstrated high-speed processing capabilities using
high-performance electronic hardware [10, 17], which alleviates this bottleneck to some extent
and provides reference for the electronic design. These high-performance electronic/photonic
hardware schemes enable a more thorough exploration of the computing potential of JA-SID
and IPIM. In Supplementary Information Section S6, we present two representative high-speed
electronic hardware implementations. We analyze a projected IPIM system that incorporates
JA-SID and high-performance electronics. Due to the optimization by JA-SID, multiplication
operations are eliminated, enabling the use of abundant look-up tables (LUTs) in the field-
programmable gate array (FPGA), instead of scarce digital signal processing (DSP) slices. By
combining the projected high-performance electronics with future high-speed modulators and
photodetectors, our analysis predicts that the overall system can achieve a processing speed of
2.40x10° spins per second for solving fully connected problems with 100,000 spins. This
represents an improvement compared to solving sparse problems within the same series of
schemes [17]. Although this predicted speed is somewhat slower than that of discrete systems
solving fully connected problems of the same scale [10], our integrated approach uses nearly a
hundred times fewer electronic hardware resources (see Table S5 in Section 6 of the
Supplementary Information). These saved linear computing resources will help to further scale
up the number of spins and increase the system speed. Moreover, this moderate speed
disadvantage can be overcome by increasing the ADC/DAC sampling rate. Notably, this
JA-SID method can also apply to FPGA-cluster-based digital simulated bifurcation machines
[48], easing their linear computation load in large-scale, dense scenarios. To compare this result
with other works, we present a radar chart in Fig. 6. Supplementary Information Section S6

provides additional details regarding this result.
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Additionally, by simplifying MVM from multiply-accumulate to accumulation, JA-SID
becomes inherently suitable for integrated photonic platforms [49-50]. Its implementation
requires only a spin encoder (e.g., an intensity modulator) and an accumulator (e.g., a micro-
ring integrator) per channel. This minimal component count directly reduces the number of
modulators, lowers system power consumption, and enhances parallelism. In spatial optical
computing, JA-SID enables accumulation by encoding only sparse spin-amplitude information
onto incoherent light, allowing simple incoherent detection at the receiver end. This approach
improves pixel utilization and reduces system complexity, as it relies solely on lens-based
optical power superposition without the need for complex phase modulation or precise optical
alignment. Consequently, this scheme is potentially compatible with high-refresh-rate LED or
VCSEL arrays [51], paving the way for higher throughput and lower latency. Meanwhile, the
key operating principle of the proposed IPIM is intrinsically wavelength-independent, enabling
its extension to a broad wavelength range.

Most PIMs based on nonlinear dynamics, like ours, excel at solving graph partitioning
problems, particularly the MAX-CUT problem [10, 13, 17, 19-21, 24, 35, 37], where the
coupling matrix elements are typically discrete values. This makes them well-suited for our
proposed JA-SID framework. However, such PIMs are rarely applied to other types of
combinatorial optimization problems, such as the traveling salesman problem (TSP) or
Boolean satisfiability problem (SAT). These problems involve coupling matrices with
continuous elements in the range from 0 to 1, leading to non-uniform interactions that increase
the risk of getting trapped in local optima for bifurcation-based solvers, and can only be
effectively addressed in JA-SID by introducing low-bit quantization methods that decompose
weighted matrices into 0-1 matrices (the processing details are provided in Supplementary
Information Section S7). Moreover, the effectiveness of JA-SID diminishes under such
coupling matrices, and only through explicit sparsity and decomposition-parallelism
techniques can the quadratic growth bottleneck in linear operations be mitigated. This
limitation presents a major challenge for current PIM research. Therefore, an important next
step may lie in expanding the range of solvable problem types and further optimizing their
corresponding linear operations.

Materials and Methods

Silicon Photonic Chip

Silicon photonic devices offer significant advantages due to their high compatibility with
CMOS processes, enabling simplified integration and allowing the avoidance of the cost and

performance penalties typically associated with complex design and fabrication in IPIMs. The
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proposed IPIM chip is fabricated on a 220 nm silicon-on-insulator (SOI) wafer with a 2 um

thick buried oxide (BOX) layer, as shown in Fig. 1(e). The detailed process can be found in

Supplementary Information Section S8. For light coupling, an inverse taper edge coupler is

utilized. A Ge absorption region is selectively grown on a 130 nm etched Si ridge waveguide.

The top of Ge region is heavily doped with phosphorus and the corresponding bottom Si is

doped with boron to form a vertical PIN junction. For the Si modulator, the titanium nitride

(TiN) heater is deposited above the Si waveguide for phase accumulation. Figures 1(f) to (g)

present the microscopic images of our proposed IPIM chip. Figure 1(h) illustrates the electro-

optic response curve of the cascaded Si modulator and Ge photodetector, which aligns well

with the nonlinear dynamical Eq. described in Eq. 2. This indicates that both the modulator and

photodetector can function effectively on the integrated chip, thereby enabling the subsequent

solving process to proceed smoothly.

Experiment Setup

Before testing, the silicon photonic chip was optoelectronically packaged. During the

experiment, light from a laser source was coupled into the chip via an optical fiber. The optical

signal passed through an MZM, where modulation was achieved through the thermo-optic

effect. The modulated optical signal was then detected by an on-chip germanium photodetector

and converted into an analog electrical signal. This signal was transmitted to a computer via an

ADC for linear computation. The computed result was subsequently fed back to the modulator

through a DAC, forming a closed opto-electronic loop. Time-division multiplexing was

employed to sequentially update all spin values using a single modulator-detector pair.

Data availability

The data that support the findings of this study are available from the corresponding authors

on reasonable request.
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Fig. 1. Working principle of our proposed integrated photonic Ising machine (IPIM). (a) Two challenges in

solving large-scale problems. (b) The architecture of the IPIM chip. (¢) Schematic of the linear computation by

joint algorithm with sparsity, inverse sparsity, and decomposition operations (JA-SID). (d) The framework of the

IPIM. (e) Schematic cross-section of the IPIM chip. (f) and (g) show microscope images of the silicon (Si)

modulator and germanium (Ge)-Si photodetector, respectively, with scale bars of 100 and 40 um. (h) shows the

optoelectronic nonlinear response curves of both modulator and detector. SMA: sparse matrix algorithm; ISMA:

inverse sparse matrix algorithm; PC: Polarization Controller; DAQ: Data Acquisition card; PVS: Programmable

Voltage Source; DC: Digital Computer.
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Fig. 2. Demonstration of solving the MAX-CUT problem for three different topologies. (a) and (b) Success

rates and frequencies of optimal solutions within 100 iterations for the MAX-CUT problem on a 100-spin square

lattice graph under four conditions: Hamiltonian greater than or equal to the ground state, 96% of the ground state,

92% of the ground state, and 76% of the ground state. (¢) and (d) Success rates and frequencies of optimal

solutions within 100 iterations for the MAX-CUT problem on a 144-spin triangular lattice graph under the same

four conditions. (e) and (f) Success rates and frequencies of optimal solutions within 100 iterations for the MAX-

CUT problem on a 100-spin Mobius ladder graph under the same four conditions.
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Fig. 3. Performance of the joint algorithm with sparsity, inverse sparsity, and decomposition operations
(JA-SID). (a) Schematic of the JA-SID. (b) and (¢) are the schematics of dense matrix with D=0.99 and 0.999,
respectively. (d) and (e) compare the cache data volume and floating-point operations required by classical MVM

and ISMA when executing random graph problems with density D=0.99. (f) and (g) compare the cache data
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volume and floating-point operations required by classical MVM and ISMA when executing random graph
problems with density D=0.999. (h) Demonstration of the computational speedup ratio achieved by ISMA
compared to classical MVM for random graph at D=0.99 and D=0.999. (i) Demonstration of the speedup ratio of
ISMA and SMA compared to classical MVM when scanned over the range D=0.1 to 0.9 with a step size of 0.1.
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Fig. 4. Performance of the optimized parameter configuration scheme (OPCS) and solving of 102,400 spins

MAX-CUT problem. (a) Demonstration of the high consistency of the PIM’s iterative behavior under identical

initial conditions and fixed parameters. In each trial, the noise amplitude is set to 0.2% of the maximum spin

amplitude (0.5), and a different random seed for noise is used. (b) Comparison of iteration counts under varying

parameter configurations with fixed initial conditions. (¢) Comparison of five experimental sets using traditional

and optimized parameter configurations, with average iteration counts calculated from five independent runs

under fixed initial conditions. (d) Bifurcation phenomenon observed in the 102,400-spin system during the solving
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process. (e) System energy converges to the ground state energy upon completion of bifurcation, and (f) its
corresponding optimization parameter configuration scheme (OPCS) during this process. (g) Snapshots of the
spin configurations at iteration counts of 10, 2000, 4000, 6000, 8000, 10000, and 12000, respectively. (h)
Schematic of the complete graph. (i) Spin bifurcation diagram for the MAX-CUT problem on a complete graph.
(j) Hamiltonian descent diagram of the MAX-CUT problem for the complete graph, with the inset showing the
Hamiltonian of the converged state to be -98800.
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Fig. 5. Results of Facebook community partition and comparison with simulated annealing (SA). (a)
[lustration of the MAX-CUT partitioning process applied to a social network, resulting in two maximally
interconnected communities. (b) Results for the Facebook network with 63,392 users show that over 300 iterations,
the system energy steadily decreases while the cut value increases. (¢) Comparison of the computational time

required for IPIM and SA in the digital environment to reach the target cut value of 454,411, respectively.
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Integrated GBS (Ref. 18) T Fiber based OEO (Ref. 20)
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Fig. 6. Performance comparison between our proposed IPIM and state-of-the-art works. For clarity,
logarithmic scaling and normalization were applied, and reciprocal axes were used to ensure that higher values

consistently indicate better performance.
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Table 1 Comparison of our proposed silicon photonics based IPIM with literature. DOPO: degenerate optical

parametric oscillator; GBS: Gaussian boson sampling; SLM: spatial light modulator; OEO: optoelectronic

oscillator; TFLN: thin film lithium niobate; SPS: spins per second; MVM: matrix-vector multiplication.

Connection Optical Function of System
Principle | Problem scale component optical y Success rate Platform Ref.
p type P speed
Footprint components
DOPO 2 Neighbor 156 mm?s | Nontinear gy, popga / SisNy ¢ [35]
computation
DOPO 100,000 Fully 0.5 m2* Nonlinear | ;¢ Gopga / Fiber system | [10]
connected computation
DOPO 100 Neighbor 0.25m?* Cgﬁgﬂ:‘ﬁij‘;ﬂ 366 MSPS* / Fiber system | [42]
DOPO 100 Densely 0.25m?* Nonlinear | \ropga / Fiber system | [43]
connected computation
MVM &
GBS 16 Cif;f:gd 52 mm?®* Probability 10 KSPS® / CMOS [18]
sampling
Sparsely 2a Hamiltonian a
SLM 40,000 0.25 m’ . 2.4 MSPS / Free space [31]
connected calculation
SLM 32 Sparsely 025 mze | Hamiltonian | ) o) popga / Free space [34]
connected calculation
SLM 360,000 Fully 025 mzs | Hamiltonian |- g0,y iqpga / Free space [41]
connected calculation
OEPO 4,096 Fully 0.5m?* Nonlinear 1 ¢ ¢ )\ 1opg = / Fiber system | [44]
connected computation
OEO 16,384 Neighbor 15 mm?® Nonlinear ) 15 Gopga / TFLN® [17]
computation
Nonli 90%¢
OEO 100 Neighbor 0.005 m?* onunear 100 SPS* 34%¢ Fiber system | [20]
& computation
52%"
Nonlinear a
OEO 41,209 Neighbor 0.12 m?® computation 25 15 g Iézllzz b / Fiber system [45]
& MVM ’
D I Linear &
OEO 4 ooy | >0.68mm®* | Nonlinear | 234 GSPS® / CMOS [40]
computation
Fully Nonlinear 100% ¢
OEO 102,400 0.065 mm? . 2.40 GSPS® 94%° CMOS Ours
connected computation 90% "
0

2 Calculated value

b Predicted value. The predicted values in our work originate from a prediction (see Supplementary Information

Section S6) scheme based on carrier-dispersion modulators and high-performance FPGAs.

¢Heterogeneously integrated scheme

4100-spin square lattice graph success rate

¢ 100-spin Mobius ladder graph success rate

T144-spin triangular lattice graph success rate
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