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QUBO formulations of combinatorial optimization problems al-
low for solving them using various quantum heuristics. While
large-scale quantum computations are cudrrently still’out of reach,
we can already numerically test suchsQUBO, formulations on a
perhaps surprisingly large scale. &

In this work, we benchmark Fujitsu’s Digital Annealer (DA)
on the Max-Cut problem, which captures{the main complexity
of the QUBO problem. We makena comprehensive benchmark
against leading other heuristic algorithms on graphs with up to
53,000 variables by focusingmon the wall-clock time. Moreover,
we compare the DA performance against published performance
results of the D-Wave hybrid ‘quantum-classical annealer and the
recently proposed QIS3 heuristic. Based on performance statistics
for over 2,000 graphs from,the MQLib, we find that the DA yields
competitive results. We hope that this benchmark demonstrates
the extent to.which large QUBO instances can be heuristically
solved today; yielding.consistent results across different solvers.
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1. Introduction

Combinatorial optimizationyproblems are ubiquitous in many applications, in-
cluding vehicle routing problemsy product assembly optimization, finance port-
folio optimization, RNA, folding problems, machine learning, and numerous
other domains [1]. Oftenjsthey€an be formulated as quadratic unconstrained
binary optimization (QUBQ) problems [1-4], which naturally fit certain quan-
tum computing,approaches. Since quantum hardware is not sufficiently ma-
ture yet to solve these problems at practically relevant scales, often classical
QUBO solverssare usedsto solve large QUBO problems. Therefore, the QUBO
solvers are often called quantum-inspired even though the underlying basic
methods, 'such as simulated annealing and parallel tempering, predate the
quantum computing efforts.

Indeed, in the current absence of sufficiently powerful quantum hardware,
it 1s diffieult to assess the performance of a quantum heuristic. At the same
time, it is important to single out problems where the QUBO approach is
particularly promising. This information can be essential for improving the
quantum-readiness of those problems. It is highly desirable for QUBO formu-
lations of practical use-cases to be tested today at as large a scale as possible
to gain insight into how potential quantum computing approaches might solve
relevant QUBO problems. Current quantum hardware can operate with an
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order of 1000 noisy qubits. In contrast, dedicated QUBO solvers can deal with
tens of thousands of bits without suffering from noise and severe connectivity
constraints typically encountered in quantum hardware.

The QUBO problem is NP-hard [5], and as such, it is not expected to be solv-
able in polynomial time, even with quantum computers [6]. This fundamental
limitation has driven recent research toward the development of heuristicsal-
gorithms and the design of specialized classical and quantum hardwate. These
approaches intentionally trade off optimality guarantees in favor of scalability
and speed, aiming to tackle intractable problems in practice. Notable exam=
ples include the simulated bifurcation machine by Toshiba [7, 8], the quantum
annealer by D-Wave [9], Hitachi’s Momentum Machines [10], NT2"s simulated
coherent Ising machines [11, 12], and the digital annealer by Fujitsu [13]:\The
goal of this work is to shed light on the current capabilities ofisuch.a so-called
Ising machine [14]-the Digital Annealer (DA). The DA/fis a €MOS-based
ASIC designed to efficiently execute an enhanced simulatedfannealing algo-
rithm. By some it is referred to as ‘quantum-inspired’ because itysolves a class
of problems that is native to certain quantum computing approaches.

Among the many QUBO-encoded problems, the maximum cut (Max-Cut)
problem stands out as a natural NP-hard problem that admits a straightfor-
ward QUBO formulation. This ease of formulationpin addition to its relevance
across graph theory and combinatorial optimizationghas made Max-Cut a
popular benchmark for testing and comparing optimization solvers. Goemans
and Williamson [15] introduced a polynomial-timerandomized approximation
algorithm based on semidefinite programming, achieving a worst-case perfor-
mance guarantee (approximation ratio)of at least 0.878. Assuming the unique
games conjecture and P # NPithat is the best value that can be achieved in
polynomial time [16]. In contrastito appreximation algorithms, as of 2018 [17],
over 95 heuristics have, been proposed for Max-Cut. These heuristics priori-
tize computational efficiency and practical performance over guarantees and
are widely employed indarge-scale applications where exact or approximate
algorithms become infeasible.

In this work, we benc?mark and compare different algorithms and hard-
ware. In order to have a useful and meaningful benchmark, it must be set
up, executed,»and reported on as transparently as possible. Without such
transparency, a benchmark can lack rigor, fairness, or even become misleading
[17, 18]. Im particular, besides the general benchmark setup and hardware
specifications, the following information should be provided:

1/ Benchmark set: (1a) Convincing reasons for the selection of the chosen
benchmark set. (1b) The set should reflect the diversity and complexity
of real-world problem distributions. In particular, (1c) it should not be
chosen due to solver-dependent considerations.

2. Runtimes: (2a) Convincing arguments for the chosen runtime limits,
and (2b) deviations from those limits; (2c) tuning times and to what
extent they have been included in the runtime. Not fully including tuning
times in the runtime should be convincingly justified.
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Solvers MQLib heuristics [17] D-Wave HS [19] QIS3 [20]
Spec. DAv2 DAv3 DAv3 DAv2 DAv3
Instances amount | 2,044 819 45 14 16
200 - 8,176] | (2,048 — 53,130] | [2,000 — 10,000] 800 — 8,000] 800 — 10,000]
density | [0.00032 — 1] | [0.0001 — 0.995] | [0.0004 — 0.97] 0.0005 — 0.06] | [0.0004 — 0.06]
Library MQLib [21] MQLib G-set [22]
Time limit instance-specific 20 minutes 10 seconds

Table 1: Summary of benchmarks considered in this work. For the benchmark
on the MQLib heuristics, we restrict our benchmark to those instances
that can be reliably solved within the assigned time and thatfit the
chip (For transparency, the raw data of the unanalyzed instances are
also available on GitHub [23]). For the benchmarks againstsD-Wave’s
HS and QIS3, we follow their original selections and use theix provided
data.

3. Performance details: (3a) Convergence speeds, (3b) number of trials,
(3c) parallelization of the algorithm, and (3d) the obtained solutions (not
just the objective values) so that independent verificationsis possible.

Our study follows all of these desiderata by cenducting afsystematic and
fair enough comparison of the second- and third-generation DA, referred to
as DAv2 and DAv3, respectively, on a broad and diverse set of Max-Cut
instances. Throughout the methodology and'resultsisections, we refer back to
these points to indicate where and how each criterion®has been addressed.

First, we compare the DA’s performance against the known best classical
heuristics from MQLib. To this end, we build on a benchmark of 37 heuristics
[17] by selecting the most powerful ones for our comparison. More specifically,
we choose those heuristics that demeonstrated the best performance across
different combinations of instanee,size and density. Our benchmark covers
a total of 2,125 Max-Cut instances. To promote fairness and comparability,
we adopt the methodology of Ref. [17], which assigns a tailored time limit to
each instance based on its computational difficulty and accounts for expected
hardware improvements over time.

N

To complement this benchimark, we compare the performance of DAv3 with
D-Wave’s hybrid quantumsclassical solver on their selection of 45 Max-Cut
instances [19], as, well as'with the recent quantum-inspired metaheuristic QIS3
solver [20] onstheiriselection of 16 instances. In both comparisons, we shed
light on DA’s rapid convergence properties. A summary of the benchmarks
performeéd in this work is presented in Table 1.

1.1. Previous work

Quantum computing has introduced several paradigms aimed at solving com-
binaterial optimization problems such as Max-Cut. One of the most studied
gate-based quantum approaches is the quantum approximate optimization al-
gorithm (QAOA), introduced by Farhi et al. [24]. QAOA provides approx-
imate solutions for combinatorial optimization problems using a variational
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circuit. It has been specifically evaluated on 2-regular and 3-regular Max-Cut
instances with single-layer depth, achieving a theoretical approximation ratio
of at least 0.6924. This ratio is expected to improve with increasing circuit
depth, as proven in [25]. For a detailed overview of QAOA and its extensions,
see [26]. Despite its potential, QAOA remains in its early stages of develop-
ment. Demonstrating consistent quantum advantage with QAOA is currently
out of reach and remains an active area of research due to several ongoing
challenges [26]. These include: finding tractable problems for quanfum com-
puters [27, 28], and the complexity of parameter optimization as the ‘eircuit
depth increases due to barren plateaus [29], local minima [30] and hardness of
finding hyperparameters [31]. Moreover, the impact of hardware noise {32, 33]
and overheads due to noise reduction [34, 35] pose additional challenges.

In parallel to gate-based quantum computation, a distinct approach to solv-
ing the Max-Cut problem has emerged through quantum’annealiftg and re-
lated Ising machines. Quantum annealers, such as those built by D-Wave
Systems, are a prominent hardware realization of this approaech’[36]. The
state-of-the-art quantum annealer is the D-Wave Advantage2 quantum pro-
cessing unit, which contains over 4,400 superconducting qubits and utilizes
the Zephyr topology with degree-20 connectivity [9].»This'marks a substan-
tial improvement over the earlier Pegasus-baged Advantage system [37]. In
a recent benchmark reported in D-Wave’s white paper [9], both Advantage
and Advantage2 were used to solve the largest 3D-lafpice spin glasses, which
can be embeddable in their respective topologies—a 12 x 12 x 12 cube with
1,650 variables and 4,461 edges. The Advantage2 system consistently returned
better-quality solutions under identical annealing times and, in many cases,
outperformed the Advantage system by several orders of magnitude in speed.
Nonetheless, despite these technelogical'advances, current quantum annealers
face several critical limitations. »These include restricted qubit counts, lim-
ited connectivity, and short coheremee times [38]. As the number of qubits
increases, so does the complexity of coupler layout, introducing more noise—
especially when many couplers are redundant for a given problem instance
[39, 40]. These constraints pose serious challenges for the scalability and uni-
versality of quantum anp&alers.

Given the currenmt limitations of quantum hardware, quantum-inspired ap-
proaches offerha practicalalternative for tackling combinatorial optimization
problems. Building upon the previously reviewed hardware considerations, re-
cent studies have:sought to empirically benchmark the performance of emerg-
ing quantum and quantum-inspired annealing platforms. Notably, Fujitsu’s
DA hassbeemevaluated against both classical heuristics and quantum anneal-
ing systems.

Matsubara et al. [41] provide an evaluation of DAv2, using 65 instances from
the G-sét benchmark suite [22]. These instances, which span sparse graphs
with edge densities between 0.0002 and 0.06 and variable counts ranging from
800 to 8000, were compared against results obtained using IBM’s CPLEX
solyer by Ref. [42] and a classical Multiple Operators heuristic [43]. The study
finds that DAv2 achieves the best cut values for 62 out of the 65 instances
and delivers the shortest runtime for 52 of them, underscoring its efficiency
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on sparse yet moderately sized Max-Cut problems. Our work improves upon
this study by addressing several of its limitations, specifically those related to
(1b), (2a), (3a), and (3d) from the benchmarking criteria list.

A more nuanced comparison is provided by Huang et al. [44], who evaluate
both the D-Wave quantum annealer and Fujitsu’s DAv2 across 10 Max-Cut
instances ranging from 543 to 5430 variables and constrained to Pegasusaor
Chimera-like graphs to conform to the architecture of D-Wave’s quantum pro-
cessing unit. Their results show that Pegasus-based and Chimera-based quan-
tum annealers (used in earlier D-Wave systems) perform well on smaller or
sparsely connected graphs but show diminishing results on larger or\denser
instances in comparison to DA. To further examine the dependence of solver’s
performance on graph structure, Huang et al. [44] generated 32 Max-Cut in-
stances, each with 145 variables and average degrees rangingifrom 1 to 140.
While these instances were still more or less tailored to D-Wave’s quantum pro-
cessing unit connectivity, the DA demonstrated improved performance com-
pared to the quantum annealer. This study does not meetiseveral important
criteria from the list, particularly (1b), (1c¢), and (3d). Although.the study ex-
plicitly discusses hyperparameter tuning, it excludes the tuning process from
the reported runtime, thereby not fully including (2e)s

Complementing the comparative studies discussed earlier, Oshiyama and
Ohzeki [45] conducted an extensive benchmark involying multiple advanced
solvers: D-Wave’s hybrid solver (HS), Toshiba’s Simulated Bifurcation Ma-
chine (SBM), Fujitsu’s DAv2, and(simulated annealing. Their evaluation fo-
cused on the Max-Cut problem using 45,instances (chosen by D-Wave [19])
from the Max-Cut and QUBO instances library (MQLib), restricted to prob-
lem sizes up to 8000 variables{ Their findings indicate that DAv2 outperformed
the other solvers on large instamees, although it did yield slightly inferior re-
sults on a few specific,cases. Aggregated, D-Wave’s HS achieved the best
results on 22 out of the 45 instances, followed by DAv2 (20), SBM (16), and
simulated annealing (7)«"When broken down by problem size, D-Wave’s HS
led on small instances, while DAy2 dominated on medium and large ones.
In terms of edge densit)\D—Wave’s HS was most effective on sparse graphs,
whereas DAv2 performed best on graphs with medium to high connectivity.
Our study extends thi§ comparison by benchmarking DAv3 against D-Wave’s
HS, while addressing important gaps in notably (1b), (2a), (3a), and (3d).

Further evidence of DA’s competitive performance is presented in a sepa-
rate benehmarking study by Seker et al. [46]. This study compares DAv2 to
three exact solvers—GUROBI [47], CPLEX [42], and SCIP [48]—as well as
two ¢lassical heuristics: BURER2002 [49] and PAL2004bMTS2 [50] as imple-
mented by Dunning et al. [17]. Using a sample of 260 Max-Cut instances with
up to 8000.vertices, and runtime limits of 60 and 120 seconds, the results show
that DAv2 consistently yields solution quality and runtimes that are better
or, competitive, further reinforcing its promise for practical, time-constrained
optimization. However, there is still potential to include, in particular, the cri-
teria (2a), (2b), and (3d). While some aspects of (3a) are briefly mentioned,
we provide concrete evidence to support it.
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Jiang et al. [51] benchmark three hardware-based annealers—D-Wave Ad-
vantage, Fujitsu’s DAv3, and Quantix GPUA—alongside a classical solver
from Meta-Analytics, across several NP-hard problems including Max-Cut.
For Max-Cut, they evaluate 10 instances with 2000 vertices at varying densi-
ties. Despite the limited sample, DAv3 consistently finds the Max-Cut across
all instances and yields better results than other hardware solvers in both se-
lution quality and runtime across all problems considered. Several important
aspects are not covered by this study, including (1a), (1b), (2a),4Ba), and
(3d).

Beyond Max-Cut, Fujitsu’s DA has been applied successfully o warious
NP-hard combinatorial optimization problems reformulated as QUBO ‘med-
els. Studies have explored the DA’s performance on graph problems such as
3-Regular 3-XORSAT [52], quadratic assignment [41, 44, 46]y minimum-cut
[41], 3-SAT [53], NAE 3-SAT [45], number and graph partitioning:[541], and
minimum vertex cover [44]. Additionally, the DA has been used effectively in
scientific domains including transport robot scheduling [55], mole¢ular struc-
ture optimization [56], magnetic phase discovery [57], and 2-D magnetic array
design for energy harvesting and planar motors [58]. These studies generally
report favorable solution quality and time-to-solutionnfor the DA. Moreover,
QUBO modeling facilitates integration into multi-phasesolution strategies.
For instance, Dornemann et al. [59] employs,the,DA in the final phase of
a three-step approach to the capacitated sehicle routing problem with time
windows, using it to solve a set partition problem and obtain a feasible global
solution.

1.2. Our contribution

We aim to answer the‘question of how QUBO solver performances compare
from a user perspective. Therefore, we focus on the wall-clock time and com-
pare the obtained obje¢tive values.

While several previous\studies already provide some benchmarks, we put
an emphasis on following all the desired benchmarking standards on 1. the
benchmark set gelection, 24the runtime choices, and 3. reporting performance
details (see Section 1).

Our main study includes a diverse subset of heterogeneous instances from
MQLib, representing the largest test suite among all works reviewed in Sec-
tion 4.1 (1b)."Fellowing Dunning et al. [17], we obtain instance-specific base-
line (time' limits determined as the convergence time of a simple greedy local
search heuristic (2a). Each heuristic (DAs and MQLib) is then run individually
on the same server to avoid interference from background load or parallel pro-
cesses. By establishing these updated time limits, rather than reusing those
frompRef. [17], we take the hardware specifications into account and assign
proper time limits that capture the computational complexity of instances.
This avoids both overestimating and underestimating solver performance.

This sets the stage for our first selection of instances from MQLib. We first
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exclude all instances with time limits below 0.25 seconds, as these are con-
sidered too easy and prone to the solver’s runtime overshooting. The second
filtering criterion is based on size (number of variables). A single Digital An-
nealer Unit (DAU) supports instances up to 8,192 variables, so for DAv2 we
consider instances up to this size. In contrast, DAv3 has an additional software
layer capable of handling instances of up to 100,000 variables. However, we
restrict our analysis to instances with at least 2,048 variables, as we obseryed
significant runtime overshooting on smaller instances, making the comparison
less meaningful (1a). Importantly, the remaining instances are not sélected
based on the DA’s considerations (e.g., connectivity, edge-weight distribution
or type, structural features) to avoid bias toward instances known to favor DA
performance (1c). The details of this benchmark set is presented’in Table,l.

In addition, we report actual runtimes rather than just thestime limits and
explicitly analyze deviations from these limits (2b). We also imclude in the
total runtime the overhead from the DA’s automatic internalthyperparameter
tuning, and avoid any further manual parameter tuning (2e).

We emphasize that the computational architectures we consider differ sig-
nificantly in nature. The DA is a highly parallélizedsheuristic (3c), whereas
the classical baseline heuristics from MQLib are single-threaded solvers. The
aim of this work is not to modify the solvers but torevaluate them as provided,
enabling us to observe performance differences across gomputational architec-
tures. Indeed, our results indicate that for certain instances, a single-threaded
classical heuristic solver can outpetrform a parallelized dedicated one. Never-
theless, our direct comparison in terms of wall-clock time naturally favors a
parallel architecture. Parallelized or GPU-based classical solvers (e.g., multi-
threaded simulated annealing; parallel tempering, or modern GPU heuristics)
are not included in the presenthstudy. ©A review of available implementa-
tions did not yield candidates that are publicly available, well-documented,
and reproducible solvers te be integrated into a large-scale and reproducible
benchmark as we aim insthis work. This consideration was the main motiva-
tion for including additional complementary benchmarks with D-Wave’s HS
and QIS3. ~N

For the benchmarksdnvolying D-Wave’s HS and QIS3, we use the benchmark
sets and runtime limitssprovided in the papers [19, 20] Therefore, we deviate
from some of oursbenchmarking criteria, particularly (la), (1b), potentially
(1c), and (2a), as,these aspects are shaped by how the original solver studies
were conducted. However, we still ensure the criteria (2b), (2¢), (3a), (3b), and
(3d), therebynproviding as rigorous and transparent a comparison as currently
feasible. We particularly analyze the convergence behavior of DAv3 (3a).

For “allyselvers executed in this work, we performed 5 runs with different
seeds and perform the benchmark on the best objective value among them
(3b). The best-of-5 summary reflects an application-driven setting in which
users can afford only a small number of restarts and select the best outcome. In
addition, whenever applicable, we provide statistical inference using majority-
based paired run-level significance tests to rigorously evaluate whether ob-
served differences between solvers are statistically meaningful rather than due

Page 8 of 48



Page 9 of 48

oNOYTULT D WN =

AUTHOR SUBMITTED MANUSCRIPT - NJP-119933.R1

to random variation. Additional report of robustness statistics across seeds
(e.g., median and standard deviation) and the solution configurations (binary
variable vectors) for all instances involved in this study are made available in
our Git repository [23] (3d).

The rest of this paper is organized as follows. Section 2 provides the neceg-
sary background, including an overview of QUBO, the Max-Cut formulatien,
and a fundamental introduction to the DA. The detailed methodology of our
benchmarks against classical heuristics, D-Wave’s HS, and QIS3 is described in
Section 3. Finally, we present and discuss the performance results in Section 4:

2. Background

~

This section provides a general introduction to QUBO preblems, the Max-Cut
problem, and the DA, along with the basic definitions and n6tations used
throughout this work.

2.1. QUBO Problems

&
Many combinatorial optimization problems ¢an be formulated as a QUBO
problem given as
n
minimize XTQX ~ Z qijTixy,
>4 (1)
subjéet to xe{0,11}",

where Q € R™ "™ is a symmetric matrix with diagonal elements ¢;; correspond-
ing to linear terms (sinee,x;x; = z; for x; € {0,1}), while the off-diagonal
elements ¢;; for i # j comrespond to quadratic terms. The goal is to find an
optimal solution configuration x*& {0,1}" that minimizes the quadratic ob-
jective function (1). Comstrained models can also be reformulated as QUBO
problems by introducing penalty terms into the objective function, instead of
explicitly imposing comstraints. These penalty terms are typically constructed
to be zero forifeasible configurations and positive for infeasible ones. A penalty
prefactor is typically included to control the cost of constraint violation, and
its value mast be.appropriately chosen to ensure the resulting solution is both
optimal and feasible [3].

Inffact, Eq. (1) is directly related to finding the ground state of the Ising
Hamiltonian = > 5 his; — >°;% ; Jijsisj, where spin variables s € {—1,1}"
relates to.x € {0, 1}" by s; = 2x; — 1. In this formulation, the coefficients J;;
represent, the interaction strength between spins s; and s;, and h; corresponds
to the strength of the external magnetic field acting on spin s;. This connection
underlines the naming of many hardware solvers designed for such problems
as Ising machines [14].

The QUBO problem is NP-hard. Therefore, all QUBO solvers are expected
to exhibit a worst-case runtime that scales exponentially with the size of the
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problem n, also for quantum solvers. That is, general large instances are
expected to be computationally intractable. However, for commonly chosen
instances and tolerable approximation errors, the scaling might be more fa-
vorable. Many NP-hard problems have already been formulated in the QUBO
form, with 112 such formulations listed in Ratke’s blog [4].

The Max-Cut problem

Given a weighted undirected graph with a vertex set V, edge sét F, and
symmetric weight matrix W, a cut in this graph is a set of edges with exactly
one end in a related S C V:

§(S) = {{vi,v;} € E| v; € S and vj € S}, 0 (2)

where S = V'\ S is the complement set of S. The Max-Cut problem is to
find a cut of V into two disjoint subsets S C V and S with maximum sum
of edge weights w;; between them, i.e., f(S) = > ¢, fnyes(s) Wiy s maximized.
We will refer to f(S) as the objective value or the cut value, which will be used
interchangeably throughout this paper. We calllan instance unweighted if all
edges have weight one, i.e., w;; = 1 if {v;,v;}4€ E and wyj = 0 otherwise. In
this case, the objective is to maximize themumber of edges in the cut, and
thus the cut value is then given by f(S) = [5(9)]- . ®

The Max-Cut problem is directly reducible tosa QUBO problem with little
overhead, making it a representative problem that captures the main compu-
tational challenges of QUBO problems., As such, any Max-Cut problem on a
graph can be expressed as in Eq.(1),with |V| binary variables. Every vertex
v; € V in a graph corresponds tera binary variable z; € {0,1} in the QUBO
problem. We assign the variable x; to. 1 if v; € S and 0 otherwise. For an
edge between v; and v; toybe in the cut §(S), it must thus hold z; # ;.
Substituting the coeflicients of,the QUBO formula with ¢;; = —2w;;, and
Gii = 23 jen(i) Wij, where N(i) denotes the set of neighbors of vertex z;, we
can write the Max-@ut problem’ in its QUBO formulation

f(X) = Z wij(xi +z; — Ql'ifb'j), (3)

{i,j}€E

where {7, jjesummandevaluates to 1 if 2; and z; are different and 0 otherwise.
In particular, maximizing Eq. (3) is equivalent to solving the Max-Cut prob-
lem. Since, by convention, Ising machines minimize rather than maximize, the
equivalent problem is to minimize — f(x).

The equivalence also implies that any QUBO instance can be formulated
as a Max-Cut instance in a graph with |V| 4 1 vertices. While coefficients of
quadratic terms in the QUBO problem correspond directly to edge weights
between vertices in a graph, linear terms do not have a natural graph rep-
resentation. However, they can be embedded into the graph structure by
introducing an auxiliary vertex xg, connecting it to all other vertices in the
graph, and fixing its value to 1. This allows linear terms to be interpreted as
additional edge weights incident on xg. The mapping of QUBO formulation

10
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(1) to the Max-Cut problem (3) can be shown mathematically by assigning

the coefficients as w;; = —%qij and woj =2 >0 wWij — jj-
1EN(H)

2.2. The Digital Annealer

The DA is a technology specifically designed to heuristically address‘¢ombina-~
torial optimization problems formulated in QUBO form. Its core component,
the DAU, is an application-specific integrated circuit (ASIC) constructed us=
ing CMOS technology, capable of directly realizing QUBO problems with up
to 8,192 binary variables. The DAU employs a simulated annealing variant
as a basic search algorithm, and is directly compatible with any connectivity.
This flexibility allows running the DA natively on arbitrary graphs, in con-
trast to hardware architectures that require native graph topologies or special
graph embeddings.

The simulated annealing algorithm is based on a Markov chain Monte Carlo
(MCMC) method, namely the Metropolis-Hastings algerithm. It begins with
an initial bit-string configuration x = (x1, x9, - - - 42, ) ata high temperature T,
which is a hyperparameter of the algorithm. A#yeach update step, a candidate
configuration x’ € {0, 1}" is generated by flipping @randomly chosen variable
z; € x for some i € {1,2,3,...,n} and the energy difference AE = E(x) —
E(x) is computed. The new configuration'is accepted with probability

p = min{exp(=AF/T),1}. (4)

This choice implies that if A&< 0, the new configuration is always accepted,
while if AE > 0, it is acceptedywith probability exp(—AFE/T). This proba-
bilistic acceptance allows the algorithm to escape local minima by occasion-
ally accepting worse configurations. As the temperature gradually decreases
according to a suitable ceoling schedule [60], this probability diminishes, re-
ducing exploration and/encouraging convergence towards a local minimum.

In the DA, candidate a)nﬁgurations and their corresponding energy differ-
ences are computed in parallel for all variables z; € x wherei € {1,2,3,...,n}.
From the setpof’accepted candidates, one configuration is randomly selected
to proceed to the next iteration. This mechanism approximates a rejection-
free [52, 614'62)proulette-wheel-style selection process [63]. In a rejection-free
MCMC algorithm, every step leads to a state transition. The DA further en-
hances_the approximate rejection-free simulated annealing algorithm through
three'modifications:

o Pazallel search: DAv2 performs up to 128 independent simulated an-
nealing runs that are time shared on 16 parallel threads of a single DAU
(see Appendix D). DAv3 uses a single DAU together with a global search
on multicore CPUs in parallel.

e Dynamic energy offsetting applies an offset to the energy difference, i.e.,

AFE — §E.g, to increase the acceptance probability in cases where no
candidate configurations are accepted, particularly at low temperatures.

11
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This helps escape local minima, provided the offset is not excessively
large, to avoid losing the progress of the annealing.

e Parallel tempering, also known as replica exchange: This technique runs
multiple independent searches at different temperatures in parallel and
exchanges configurations among them to improve energy landscape ex-
ploration.

In any case, among all assignments evaluated during the algorithm, orle with
the best objective value is reported as a solution.

The DAU is an integer machine, meaning it does not operate natively,on
floating-point values. When a QUBO matrix contains floating-point €oeffi-
cients, an automatic or manual conversion process must be applied. This in-
volves systematically scaling and rounding the matrix elements to produce in-
teger coefficients that fall within the DAU’s supported precision range. Specif-
ically, the DAU supports 64-bit signed integers for quadratic terms® and up to
76-bit signed integers for linear terms. For DAv2, the precision,is reduced to
a 16-bit integer when the problem size exceeds 4,096 variables: It offers both
simulated annealing (default) and parallel tempgring modes.

The ideas of DAv2 are scaled up in DAwv3, based on a hybrid approach
that integrates a global tabu search in a softwareilayer with the DAU. This
combination enables the handling of fully connected QUBO instances with up
to 100,000 variables. This version offers parallel tempering only.

DA usage is straightforward; The user needs first to convert their problem
into a QUBO formulation (séésthe. tutorial [3]) and then a few lines of code
are required to solve it and repert, the selutions, along with additional details
(i.e., energy, time, etc.), see the doemmentation [23, 64]. Fujitsu’s DA can be
easily accessed through a eloud platform or on-premises as a service.

3. Methodology

We compare the performance of DAv2 and DAv3 against the best-performing
classical heuristics selected from a pool of 37 algorithms implemented by Dun-
ning et all{ [17]. The heuristics are accessible from the corresponding GitHub
repository [21] and used in their defaults. We will refer to these classical
heuristies as MQIib heuristics. We also use their collection of heterogeneous
problem dnstancesy, which includes both real-world and random problem in-
stances(provided in [21].

To better understand the strengths of each solver and ensure a reasonable
comparison, we split the instance set into 15 groups based on size and density.
This grouping allows us to evaluate performance across different problem char-
acteristics and select the top MQLib heuristic performers for each category to
compare against. The criteria for splitting and selecting the instance set and

'The valid range is [-2% 4 1,25% — 1].
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the selection of the best-of-37 heuristics are described in Sections 3.2 and 3.3,
respectively. To ensure a representative comparison, we adopt the time-limit
assignment methodology from Ref. [17], which assigns instance-specific time
limits reflecting both problem difficulty and hardware improvements over time
(Section 3.1).

We include complementary comparisons of DAv3 with D-Wave’s hybrid
quantum-classical solver [19], as well as comparisons of both DAv2 and DAv3
with the recent quantum-inspired metaheuristic QIS3 [20]. We include,the
details of their methodology within the relevant subsections. While these ad=
ditional benchmarks are equally important, their setups follow that, of the
original studies and thus require less detailed methodology discussion.

3.1. Baseline time limit

Dunning et al. [17] suggested assigning a specific time limit o each instance,
which reflects its computational difficulty. Harder inStances are assigned longer
time limits based on characteristics such as size and structuresthereby account-
ing for the varying effort required to reach high-qualityssolutions. By doing
s0, the benchmark avoids both underestimating the performance of solvers on
difficult problems (by giving them too littlé time) and overestimating perfor-
mance on easier problems (by giving unnecessarily lo’ng runtimes). Further-
more, more recent hardware typically. requires shorter runtimes on average due
to improved processing power compared.to older systems. As such, baseline
time limits should be periodically updated te reflect current hardware perfor-
mance. To make the comparisen between,the DA and the MQLib heuristics on
the Max-Cut instances as fair-as possible, we follow Ref. [17] by determining
new instance-specific baseline time limits (2a).

The instance-specific time, limit is determined for each instance by the
amount of time required to complete the following local search procedure:

1. Generate a randorﬁonﬁguration for the input instance.

2. In each updating(step; flip the first occurring variable that improves the
configuration (i.e., yields a better objective value).

3. Repeatstep.2 until no improving flips can be made.

4. Repeat steps 132, and 3 for 1500 times.

We executed this algorithm on a Fujitsu PRIMERGY RX2540 M5 server
with2x Intel Xeon Gold 6230 CPU @ 2.10GHz (40 cores total), 12 x 32 GB
= 384 GB RAM, running RedHat 7.9. Due to the algorithm’s inherent ran-
demness, the'required runtime may vary across different seeds. Therefore, for
each instance, we run this algorithm using 5 different seeds and define the time
limit as the mean, or 0.001 seconds if the mean falls below this threshold.

DAvV2 has no time limit stopping criterion and instead terminates when the
specified number of runs and iterations are completed. Therefore, to set a
desired runtime for it, we use a runtime estimate based on the number of
variables, runs, and iterations. The number of runs is the number of stochas-
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tically independent parallel runs on the chip. The minimum is 16 runs and
the maximum is 128 runs for DAv2. The number of iterations is the length of
the annealing random walk per run. While the total runtime of DAv2 includes
several components, it is predominantly determined by the annealing time and
the CPU time, which together account for the majority of the runtime. The
CPU time refers to the total time spent by the host CPU on tasks such a$
communicating with the DAU and preparing its setup. The annealing time.is
the actual time spent by the DA searching the solution space and finnding the
optimal or near-optimal solution. Appendix D provides the detailed proeedure
and fitted runtime models used to estimate the target runtime of DAv2.

In contrast, DAv3 includes a stopping criterion based on a aiser-specified
time limit. However, as is the case with most solvers, DAv3 does not terminate
precisely when the specified time limit is reached, as it takesradditional time
to complete the current search procedure before stopping. Henceythe runtime
tends to overshoot. This issue particularly happens for smaller instances,
which are typically assigned very short time limits. Neotably,JDAv3 has a
minimum runtime of 1 second; if the specified limit falls below this value, the
annealing process may not initiate at all. To address this,issue, we incorporate
a buffer time for DAv3, aiming to keep the runtime for as many instances to
deviate by no more than 10% from the baseline time limit. For instances
assigned a time limit below 1 second, we set-the minimum to 1 second. We
modify the instance-specific time limit Tilimit for DAvg such that the runtime
stays within the margin of 10%:

j—gimit — max{l, min{ LT%ba,selineJ X u—vibaseline +1.1— TioffsetJ }}’ (5)

where T”2selin¢ js the baseline time limitfor istance i, and 7°% is the buffer
time, and it is empirically c¢hosensto be 3 seconds. Our choice of the offset
buffer time is described in Appendix F.“In our analysis, we favor staying
below the baseline time limit rather than exceeding it to keep the comparison
to other heuristics as fair-as,possible. Appendix F presents an analysis of each
solver’s deviation fromhe baseline time limit (2b). Notably, we observed
that the MQLib heuristics often exceed their specified time limits—an issue
not reported in Refa17]s Since neither the DA nor the heuristics terminate
exactly at the assigned/time limit, we allow for only very few instances to
slightly exceed the prédefined safety margin.

As part of the eomplementary comparisons in our study, we ensure a consis-
tent basis for comparison with D-Wave’s HS and QIS3, and we adhere to their
fixed time budgets of 20 minutes and 10 seconds per instance, respectively.
We couldrnotifind the reasons why these specific values have been chosen in
the respective papers.

3.2. Selection of graph instances

Following the benchmark criteria 1 for the benchmark set, we explain and jus-
tify below our choice of benchmark set for our main benchmark with MQLib
heuristics and provide details of the benchmark sets of the additional bench-
marks with D-Wave’s HS and QIS3, as selected by the original works.
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Size x-Small Small Medium Large x-Large

Density 20<n < 1,024 | 1,024 <n < 2,048 | 2,048 <n < 4,096 | 4,096 <n < 8,192 | 8,192 <n

Sparse

d<0.1 525 179 279 171 81

Balanced

01<d<05 367 41 78 119 0

Dense

05<d 182 12 50 41 0
Total (2,125) 1,074 232 407 331 81
Benchmark DAv2 DAv2 DAv2 and DAv3 DAv2 and DAv3 DAv3

Table 2: MQLib instance counts across categories defined by size and dénsity.
The total number of our chosen instances is 2,125. Small and x-Small
categories are analyzed in Appendix A for DAv2.

DA vs. best MQLib heuristics

The full MQLib [21] includes instances from the following sourdes: Ciset [22],
ORLib [65], SteinLib [66], 2nd, 7th, and 11th DIMACS{67-69], TSPLib [70],
Biq Mac [71], and more from original solver papers. Furthermore, it includes
random problem instances generated from multipleftandom generators: Cul-
berson [72], NetworkX [73], and Rudy [74]. At thetime of writing this paper,
MQLib contains a total number of 3506 instances. Exactly 3,396 instances
were introduced by the original MQLib paper [L7], while the remaining in-
stances were later added by external contributors. The instances span a wide
range in both size n (number of vertices) froni as few as 3 to approximately
53,000 variables, and density d (the,ratio of agtual to possible edges), ranging
from extremely sparse graphs with'd ~.0.0001 torfully connected graphs with
d=1.

From the full instance set, ‘we consider only instances with baseline time lim-
its above 0.25 seconds. This reduces the total number of instances in MQLib
to 2,125. With this, weMilter out particularly easy instances, as well as those
for which the solvers are likely to far exceed the assigned time limit due to
a particularly short bageline time. Most solvers do not check the time limit
continuously; instead, they check it after, e.g. , a certain number of internal
iterations, or after dompleting @ certain operation. If the time limit is rela-
tively short, the solver maydvershoot it significantly before reaching the next
checkpoint.

We dividesour selected instances into 15 categories based on size and den-
sity. The exact number of instances that fall in each of the size-density cate-
gory combinations|is shown in Table 2. In Section 4.1, we compare DAv2 on
Medium-Large-instances (up to what fits the DAU) and DAv3 on Medium-
x-Large instancespacross all density categories, against the best-performing
MQULib‘heuristic on each category. In these selected categories, the solvers
are more likely to adhere to the instance-specific time limits, which helps to
ensure the justifiability of the comparison. The categories involved in the
main analysis are visualized in Fig. 1 by the regions bounded by dashed lines.
Most instances of this selection lie in the Medium- and Large-size categories,
with a higher concentration in the Sparse category. The MQLib appears to
lack x-Large instances that are Balanced or Dense, which explains the empty
regions in the middle and upper right of the scatter plot in Fig. 1.
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Figure 1: Distribution of instances by number of vertices,and/density. All in-
stances above ~ 8,000 variables are sparse, whereas those with fewer
variables exhibit a wider range of densities. Darker blue regions in-
dicate a higher concentration of imstances, which can be observed
at low density and number of vertices. Inset: Histogram (log scale)
showing instance counts by size range; the majority of instances are
below ~ 8,000 variables.{ Nested inset: Histogram (log scale) show-
ing instance counts by density range; the majority of instances are
sparse.

DAv3 vs. D-Wave’s hybrid solver

Next, we follow D-Wayve’s selection of instances from the MQLib based on
three criteria [19]. First, they eensider connected instances only with size
between n = 1,000 andvn = 10,000. Second, all selected instances were
reported to have a/maximum recommended time limit of 20 minutes. Third,
the best objective value of each instance should be achieved by at most two
heuristics outyof the 37 MQLib heuristics. These criteria yield a subset of 45
instances ranging,from ~ 2,000 to 10,000 in size and ~ 0.0004 to ~ 0.97 in
density [19)¢ Wemnoticed that 39 instances were assigned a time limit below 20
minutes in the original study, and only 6 were assigned a time limit above 20
minutes. Moreover, we observed that three instances in this subset have more
than/two heuristics achieving the best objective value. However, we proceed
with D-Wave’s seleetion [19] and make a comparison of DAv3 with D-Wave’s
HS:

DA vs. QIS3
The comparison between DAv2, DAv3, and the recently introduced quantum-
ingpired solver QIS3 by Yang et al. [20] is conducted on a subset of 16 instances

from the G-set [22], with graph sizes ranging from 800 to 10,000 variables that
are very sparse (~ 0.0004 to 0.01). The G-set comprises a total of 71 instances,
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Size

Density x-Small Small Medium Large x-Large
Sparse A 205 (39.0%) | A 85 (47.5%) | A 111 (39.8 %) | A 56 (32.7%) | % 37 (45.7%)
Balanced ¢ 183 (49.9%) | 4 13 (31.7%) | 4 39 (50.0%) | # 66 (55.5%) -
Dense ¢ 119 (65.4%) | 46 (50.0%) ¢ 27 (54.0%) | 4 28 (68.3%) -

A BURER2002 ¢ PAL2004bMTS2 s MERZ1999GLS

Table 3: Best-performing MQLib heuristics across instance categories, symbeol-
coded by heuristic. The number in each cell indicates theramount
of instances the corresponding heuristic achieved the best objective
value for, based on the original data by Dunning et al. [17].

but the rationale behind the selection of this particular subset ismot discussed.
Notably, two of the selected instances exceed the 8,192-variable eapacity of a
single DAU and therefore cannot be solved using DAv2. =

3.3. Choosing the best-performing MQLib heuristics

Ref. [17] implements and compares 37 heuristic§ basedyon a variety of meta-
heuristic approaches, including simulated annealing, cross-entropy methods,
non-linear optimization, tabu search, globalfequilibrium search, greedy ran-
domized adaptive search (GRASP), estimation/of distribution algorithms, ge-
netic algorithms, and some of their variants/ In Section 3.1, we obtained a
new baseline time limit per instancejywe therefore aim to compare the DA
with new runs of MQLib heuristics under these time limits. For this purpose,
we select the best-performing heuristic withinreach size and density category
defined in Section 3.2. We define thesbest heuristic per category as the one that
achieves the best objective value for, the highest number of instances in the cor-
responding category, based on the original data by Dunning et al. [17]. These
heuristics were then executed on the same server used to establish the baseline
time limits and to runhe DA, Table 3 lists the selected MQLib heuristics
for each category, along with the number of instances within that category
for which each heuristic feund the best solution. BURER2002 is a non-linear
optimization method combined with local search [49]; PAL2004bMTS2 is an
iterated tabu search{50]; and MERZ1999GLS is a genetic algorithm incor-
porating crossover and loeal search [75]. As shown in Table 3, BURER2002
performs best.on Sparse instances while PAL2004bMTS2 is most effective on
Balanced and Dense instances. MERZ1999GLS shows the best performance
on x-Large Sparse instances. After selecting the best-performing heuristics,
we reruin these heuristics in their default settings as provided in [21] on the
relevant instancesiusing the newly assigned time limits.

4. Results

In/this section, we present the benchmark results for the main study com-
paring DAv2 and DAv3 with MQLib heuristics in Section 4.1, as well as the
complementary comparisons of DAv3 with D-Wave’s HS in Section 4.2, and
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of both DAv2 and DAv3 with QIS3 in Section 4.3. DAv3 often exceeds short
time limits; therefore, we restrict it to Medium to x-Large instance sizes with
relatively longer assigned time limits, which it can to some extent reliably
solve within the assigned time, ensuring a meaningful comparison.

For these studies, we executed DAv2, DAv3, and MQLib heuristics on each
instance with the specified time limit using five different random seeds, and
here we report the highest achieved objective value, along with thedminimum
runtime among the runs that reached this value (3b). In addition, whenever
applicable, we provide statistical inference using paired run-level significance
tests.

To support reproducibility and facilitate further analysis, the GitHub fepos-
itory accompanying this work [23] provides raw data and swmmary CSV files
for each solver considered, listing per-instance minimum, maximuit, median,
mean, and standard deviation of both the objective values andruntimes across
the 5 independent runs.

DAv2 was executed in simulated annealing mode, whereas/DAv3 was exe-
cuted in its only available mode, parallel tempering. For all instances, minor
preprocessing was applied. Specifically, the heaviest variable in an instance
(the one with the largest linear coefficient).was fixed, meaning it was pre-
assigned to one side of the cut. Additionally, disconnected variables (i.e.,
¢ij = 0 for z;,z; € V) are automatically excluded by the DA, as they do
not contribute to the cut. As a result; the resulting QUBO problem typically
contains |V| — 1 variables, though in'some cases it may involve slightly fewer
due to the removal of disconnected variables.

4.1. DA vs. best MQLib heuristics on Medium—x-Large instances

In Fig. 2, we compare DAv2 against the best-performing MQLib heuristic per
category (as selected in Section 3.3) using a cumulative bar plot. Each bar
is divided into three seghents: proportion of instances where DAv2 finds a
better cut value than/the Selected category heuristic (green), proportion of
instances whereg'both solvers find the same cut value (yellow), and proportion
of instances where the heuristic finds a better cut value than the DAv2 (blue).
The results@how, that. DAv2 yields higher cut values than the selected MQLib
heuristics lon the majority of instances across all categories, with its largest
advantage on Sparse instances—achieving greater cut values than BURER2002
on oyer 75% of the instances.

Fig. 3 presents a bar plot of instance counts across cut ratio ranges, de-
fined as.the cut value achieved by DAv2 to that achieved by the correspond-
ing heuristic. The plot shows a clear skew to values greater than 1.0 (i.e.,
higher green bars), highlighting an overall better result of DAv2 than the
best-performing category heuristics. Nearly all instances with cut ratio below
0.998 are float-type instances. The DA natively operates on integer-valued
QUBO coefficients. Instances with floating-point values require scaling and
rounding before processing. Therefore, when the range between the smallest

18

Page 18 of 48



Page 19 of 48 AUTHOR SUBMITTED MANUSCRIPT - NJP-119933.R1

1
2
3 and largest QUBO coefficient values g;; of an instance is too wide, scaling the
4
Z DAv2 vs best heuristic per category (738)
7 1001 Float cases
2 37.2 51.2
38.0 39.5
10 =¥ i
11 = DAV 98/ ;)/8/0 65
:,5 DAV2 DAV2 113,%'/\7
12 g T 766,358 ;
13 £ 601 DAv2 DAY
14 E 29.4
o
15 =
2
16 £ 40 — 179 92 42
17 5. B 200 %722
18 S Both o o
vz 53
19 20 1.1 | Bothzzzis 08
5.4 268
20 7205 22105120 Zisa P\L)UMMTSZ P\L>UO4h\IT5
21 11,1 7.2 PPAIA00ALNTS24 PPAT2004bNITS2 BLRFR7UO7 i
BURER2002
22 0 2 2
parse alanced ense (9 parse alance ense
23 Sparse (279) Balanced (78) Dense (50)  Sparse (171)4Balanced (119) D (41)
;g Medium Large
igure 2: Comparison of the performance o v2 wi e best-performin
;? Figure 2: Compari f the perf f DAv2 with the best-performing
28 category heuristic on Medium and Large instances across all densi-
29 ties. Each bar represents the proportion of'instances where DAv?2
performs better (green), equal (yellow), or worse (blue) than the cor-
30 f bett 1 (yell blue) than th
31 responding heuristic. Hashed, bars indicate instances wi oating-
ding h tic. Hashed.b dicat t th floating
32 point cut values.
33
34
22 DAv2 Cut Ratio Counts (738)
247
37 @ V22 Float cases
38 g 2000y -
39 o
40 8 110
41 1007 g5 N 88 =
7 66 EE
42 é 29 o 30 24
2 23 2
43 0l 1 1a1 vl 2 eiaiw Ly 4 % N e
44 > s = ® 5 2 @§ T o OO F o
45 B iR EEERE R
S S Qe S S S ~ T oS o~ o~ S T = = A
46 Sl N 5 o8 % S o £ g &8 g o 2
47 ME QS & & & s &8 8 2 3 3 2
48 S L Te 22 2 2 2z DD - Tz
49 CUtDAVQ/CUthLurlbtic
50 . . . . . . .
51 Figure 3: Distribution of Medium and Large instances over cut ratio ranges,
52 where the cut ratio is defined as the DAv2 cut divided by that of
53 the best-performing category heuristic. The ‘tie’ bar at 1.0 (yellow)
54 shows the count of instances when both solvers found an equal cut
33 value. The dashed line at 1.0 separates ‘win’ ranges (green bars)
g? from ‘loss’ ranges (blue bars). Hashed bars indicate instances with
58 floating-point cut values.
59
60

19



oNOYTULT D WN =

AUTHOR SUBMITTED MANUSCRIPT - NJP-119933.R1

coefficients up by 2%/ max(g;;) with a = 63 or o = 15 for DAv2 (depending
on the size of the QUBO matrix) and o = 48 for DAv3 may still result in
the smallest coeflicients having values below 1. These are then rounded down
to the nearest integer, and in this case, to zero, which results in the loss of
important problem information and distorts the original QUBO problem.

In total, based on best-of-5-runs, DAv2 achieves better cuts in 511 and
equal in 88 out of 738 instances, resulting in a ‘win’ rate of ~ 69.24%, a
‘tie’ rate of ~ 11.92%, and a ‘loss’ rate of ~ 18.83%. To assess statistical
significance we consider paired (by seed) run-level comparisons. DAv2 achieves
better objective values than the corresponding category heuristics in‘amajority
(> 3) of five paired runs on 542 of 738 instances (~ 73.44%), which is highly
significant according to a two-sided paired sign (binomial) test (p = 2.85 X
1073%). Runs in which DAv2 and the corresponding category heuristics achieve
identical objective values are conservatively counted in favor of the'latter. This
strict criterion constitutes a worst-case assumption for, DAv2’s performance
and reduces the risk of overstating its advantage. The significantlydow p-value
shows that the observed dominance of DAv2 cannot plausiblysbe attributed
to random variation.

We now turn to DAv3 and evaluate its performance on the Medium to x-
Large instance categories using the same methodology. As shown in Fig. 4,
DAv3 clearly achieves higher quality results than BURER2002 on Sparse in-
stances, while PAL2004bMTS2 surpasses'DA¥v3 on Large instances that are
Balanced and Dense. The majority of ‘wins’ by the selected heuristics corre-
spond to float-type instances, as indicated by the hashed bars—possibly due
to the effect of rounding errors on the DA’s eut values. In fact, the rounding
error is upper bounded as |27 Qa— 2" Qx| < 27%n% max(g;;), where a = 48

for DAv3 and Q is the scaled and rounded QUBO matrix with coefficients
~  _ lai*2%/ max(gis) |
ij 2%/ max (gi;)
rounding errors with increasing instance sizes. Additionally, MERZ1999GLS
shows a notable advantage over, DAv3 on the x-Large Sparse category.

. This error bound explains the sensitivity of the DA to

Compared to DAw2j hoth versions perform best on Medium and Large
Sparse instances, with DAv3 showing a slight improvement. However, DAv2
achieves 26.9% and.29.3%, improved results on Large Balanced and Large
Dense instances, respectively. Similar to DAv2, the cut ratio bar plot for
DAv3 in Fig. 5 shows a,right-skewed distribution, indicating overall improved
results compared to the best-performing category heuristics. However, unlike
DAv2, ndest DAv3’s ‘losses’ on float cases fall within [0.998, 1) cut ratio range,
suggesting a greater sensitivity to rounding errors. In total, DAv3 achieves
better cuts in498,and equal in 142 out of 819 instances, resulting in a ‘win’
rate of &~ 60.81%, “tie’ rate of ~ 17.34%, and a ‘loss’ rate of ~ 21.85%. Us-
ing the same paired run-level comparison procedure described above, DAv3
achieves better objective values in a majority (> 3) of five paired runs on 517
of:819 instances (~ 63.13%), which is again highly significant according to a
two-sided paired sign (binomial) test (p ~ 5.45 x 10~14).
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DAv3 vs best heuristics per category (819)
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Figure 4: Comparison of the performance of DAv3.againstithebest-performing

Instance counts

category heuristic on Medium, Large,/and x-Large instances across
all available densities. Each bar répresents the proportion of in-
stances where DAv3 performs bettér (green), equal (yellow), or worse
(blue) than the corresponding heuristic. "Hashed bars indicate in-
stances with floating-point cut values.

DAv3 Cut Ratio Counts (819)
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Figure 5+ Distribution of Medium, Large, and x-Large instances over cut ratio

ranges; where the cut ratio is defined as the DAv3 cut divided by
that of the best-performing category heuristic. The ‘tie’ bar at 1.0
(yellow) shows the count of instances when both solvers found an
equal cut value. The dashed line at 1.0 separates ‘win’ ranges (green
bars) from ‘loss’ ranges (blue bars). Hashed bars indicate instances
with floating-point cut values.
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One advantage of partitioning the instance set by size is that it revealed a
significant, initially unexplained degradation in the solution quality of DAv3
on the instances in the Large category. Upon investigation, we found that the
internal automatic scaling of DAv3 is not efficient. To address this, we applied
manual scaling. Our observations indicate that with 48-bit precision and in-
stance sizes larger than 4,096 vertices, the solver partitions the problem into
4,096-variable chunks, which leads to degraded performance. By manually
setting the precision to 64 bits? for n < 4,096 and 16 bits for n > 4,096 (mim-=
icking the behavior of DAv2), instances larger than 4,096 vertices (still smaller
than 8,192) can be embedded as a single chunk and solved in full, resulting in
better performance as shown in Fig. 6. Thus, we provide an algorithmic rule
(Algorithm 1 below) for coefficient scaling and a recommendation’on when. to
trust the automatic scaling and when to choose the manual scaling.

DAv3 vs best heuristics per category (819) ~
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Figure 6: Improved results of DAv3 by the manual scaling described in Algo-
rithm 1 instead of the internal automatic scaling.

2Later scaled down internally by DAv3 to 48-bit precision.
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Algorithm 1: Selection rule for DAv3 scaling setting

Input: Instance size n and coefficient-type (int-only / float)
Output: Scaling setting for DAv3

oNOYTULT D WN =

1 if n < 4,096 then

2 if int-only then
9 3 Use integer representation without scaling.
10 // Scaling not needed
1; // All coefficients fit into int64
13 4 else if float then
14 5 Scale coefficients up so that they fit into int64 OR use DAy3
15 automatic scaling.
16 // Automatic scaling can be trusted in this/{regime
17 6 else if n > 4,096 then
12 7 if int-only then o
20 8 if max coefficient fits into int16 then
21 9 Use integer representation without scaling.
22 // Scaling not needed
23 // All coefficients fit 4nto int16
24 10 else
25 11 Scale coefficients down so that they fit intonint16.
;? B // Automatic scaling can be outperformed
28 12 else if float then .
29 13 Scale (up or down) coefficients so that they fit into int16.
30 // Automatic scaling can be/outperformed
g; 14 Run DAv3 with the selected scaling setting.
33
34
35 The results confirm a substantial improvement for the Large category across
36 all densities: the proportion of instances where DAv3 found a better cut in-
37 creased by 5.8% for Sparse instances, 31.1% for Balanced instances, and 39.1%
gg for Dense instances. A slight gain (6.1%) was also observed for x-Large Sparse
40 instances, though larger improvements are not expected due to the unavoid-
41 able partitioning of theproblem into 8,192-variable chunks. Overall, with this
42 adjustment, DAv3 achieved: better cuts in 566 and equal in 135 out of 819,
43 resulting in a ‘win’rate of ~ 69.11%, ‘tie’ rate of ~ 16.48%, and a ‘loss’ rate of
44 ~ 14.41%. Using the same paired run-level comparison procedure as before,
45 DAv3 achieves better objective values in a majority (> 3) of five paired runs
j? on 582 of 819 instances (~ 71.06%), which is again highly significant according
48 to a twodsided paired sign (binomial) test (p ~ 2.81 x 10734).
49
50 Table 4 presents the changes in the cut ratios (i.e. Cutpays/Cutheuristic) in
51 greater/detail before and after applying our manual scaling (Algorithm 1) in
52 place of the'automatic scaling used by DAv3. The diagonal entries of the table
53 correspond to instance counts that remain within the same cut ratio range.
>4 Counts/below the diagonal indicate improvements in the cut ratio, whereas
3> counts above the diagonal indicate degradations. As shown in the table, the
56 B . . ; . .
57 majority of changed instance counts lie below the diagonal, demonstrating
58 improved performance under manual scaling. This finding highlights a trade-
59 off between integer precision and problem decomposition, with greater gains
60
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Table 4: Changes in cut-ratio distributions, shown as counts ,per cut-ratio
range, before and after replacing the automatic scaling,of DAv3 with
the manual scaling rule in Algorithm 1. Diagonal entries indicate
unchanged cut ratios (remaining in the same range), entries below
(above) the diagonal indicate improvements (degradations).

achieved by solving the problem as a whole atdowerrifiteger precision.

Nevertheless, for consistency, we continue the following comparisons with
D-Wave’s HS and QIS3 using the default automatic scaling of DAv3.

4.2. DAv3 vs. D-Wave's hybrid. solver

We benchmark DAv3 against D-Wave’s HS [19] using their specified instance
selection criteria, as also detailed im Section 3.2. The test set is further divided
into integer (14 instamees)and float (31 instances) cases. Figure 7 shows the
progress of DAv3 solution quality relative to D-Wave’s HS’s solution, over a 20-
minute time limit (left), alongside a summary cut ratio bar plot (right). The
upper plots correspond torinteger cases, and the lower plots to float cases. Each
line corresponds tora given instance (best-of-5 runs), with crosses marking the
time the final reported solution was found by DAv3.

For dnteger,casés, DAv3 outperforms D-Wave HS with 8 ‘wins’, 5 ‘ties’,
and 1 ‘logs” The progress inset shows that for most instances, DAv3 finds an
equal or better solution within the first few seconds. Under the tie-handling
scheme innwhich paired runs yielding identical objective values contribute to
0.5 to each solver, an instance is counted as a win for DAv3 if its aggregated
run-level score exceeds 2.5. According to this criterion, DAv3 outperforms D-
Wayve’s HS on 9 of 14 integer instances (~ 64.29 %). However, this difference
is not statistically significant according to a two-sided paired sign (binomial)
test (p ~ 0.424), indicating that the observed ‘win’ imbalance is compatible
with random variation.
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Figure 7: Left: Progress of DAv3 cut ratiowrelative to D-Wave’s HS over the
20-minute time limit, separated by integer (top) and float (bottom)
instance sets. Each line eorresponds to an individual instance, with
crosses marking the timeywhen the best cut was found. Colors in-
dicate the petformance of DAv3 relative to D-Wave’s HS: green for
better, yellow for equal, and blue for worse. Right: Bar plot sum-
marizing final‘cut ratio,distribution.

S

For float instanges, DAv3.underperforms D-Wave’s HS on 18 instances and
outperforms on 13 instances. Most ‘losses’ cluster near a cut ratio range of
0.99975 to 1. This issuepis expected given the integer nature of the machine,
i.e., encoding the coefficient of a binary quadratic polynomial as an integer.
Notably, for many float instances, DAv3 finds better solutions in less than
20 minutes, with § instances in just a few seconds. DAv3 achieves better
instaneeslevelresults on 10 of 31 float instances (~ 32.26 %). The correspond-
ing two-sided_paired sign (binomial) test does not indicate a statistically sig-
nificantdifference (p' ~ 0.071), suggesting that performance differences remain
inconclusive. Applying the manual scaling discussed in the previous section
improves\ the results of DAv3 on the float-instances, reducing the number of
losses’ from 18 to 13.

The rapid convergence of DAv3 DAv3 (3a) to its best solution, often match-

ing or surpassing those of D-Wave’s HS, highlights the practical potential of
for runtime-sensitive scenarios.
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QIS3 DAv2 DAv3
name n d cut cut  time (sec) | cut  time (sec) limit (sec)
Gl11 800 0.005 564 564 9.866 564 10.983 10
G32 2000  0.002 1404 1410 9.91 1410 9.652 8
G48 3000 0.0013 | 6000 | 6000 9.838 6000 8.795 8
Gb57 5000  0.0008 | 3466 3470 9.959 3482 8.737 6
G62 7000 0.0006 | 4828 4838 9.961 4846 10.759 7
G65 8000  0.0005 | 5502 5460 10.139 5534 12.166 8
G66 9000 0.0004 | 6288 - - 6180 8.772 8
G72 10000 0.0004 | 6916 - 6728 9.029 4

—_

Gl4 800  0.0147 | 3060 3064 9.866 3064 10.978
Gb51 1000  0.0118 | 3846 3848 9.869 3848 11.034 9
G35 2000 0.0059 | 7673 7686 9.903 7686 9.635 8
G58 5000 0.0024 | 19216 | 19262 9.956 19263 8.893 3
G63 7000 0.0017 | 26949 | 27012 9.942 27003 10.873 3
Gl 800 0.06 | 11624 | 11624 9.864 11624 10.995
G43 1000 0.02 6660 | 6660 9.871 6660 11.044 9
G22 2000 0.01 13358 | 13359 9.901 13359 9.725 9

0

—_

0
~

Table 5: Comparison of DAv2, DAv3, and QIS3 on G-set instances [22]. The
results for QIS3 are taken from Yang et al. [20}; while the DA solvers
were benchmarked under similar 10-second runtime constraints. The
actual runtime for DAv2 and DAv3 is reported for,each instance. G66
and G72 exceed the 8,192-variable capacity of DAv2 and thus yield

no results for that version. .

4.3. DA vs. QIS3

During the preparation of thiSmanuscript, a new metaheuristic QUBO solver,
QIS3, was introduced by Yang et al. [20]. QIS3 combines branch-and-bound
pruning with gradient-descent refinement for intensified local exploration, and
a quantum annealing-inspired bounding technique to accelerate the pruning.
It also incorporates adaptive strategies to optimize performance across diverse
problem instances. In their worky the authors benchmark QIS3 on a subset
of 16 instances from the\G—set collection [22], against eight state-of-the-art
solvers: their previous yersion QIS2, a genetic algorithm, the coherent Ising
machine, simulated, annealing, parallel tempering, simulated bifurcation, D-
Wave’s simulated annealing (Neal), and Gurobi. All algorithms were evaluated
under 10-second runtime constraints. Therefore, we configure the parameters
of DAv2 ag'deseribed in Appendix D to achieve a runtime of approximately 10
seconds.sFor DAv3, we run the solver with several time offsets ranging from 0
to 9 secondsrand select the offset that yields a runtime closest to 10 seconds.
In their original study, QIS3 reported the highest cut value on 15 out of 16
instances (with the exception of instance G58).

Results of DAv2, DAv3, and QIS3 (as reported in Ref. [20]) are presented
in, Table 5. For the DA, both the time limit and actual runtimes are reported
(2b),“while only the time limit is available for QIS3. Notably, one or both
versions of the DA find better or matching results than QIS3-and thus than
all’eight solvers in Ref. [20]- on 14 out of the 16 instances, including G58.
The only exceptions are instances G66 and G72, where QIS3 remains the top
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Figure 8: Progress of DAv3 solution quality relative to QIS3 overdthe 10 sec-
onds time limit. Each line corresponds to an individual instance,
with crosses marking the time when the best solution was found.
Each dot corresponds to the cut quality of DA¥2 on a given in-
stance, relative to QIS3, measured at the earliest time the best cut
was found across independent runs ranging from 1 to 10 seconds.
Colors indicate the performance/of the DA gelative to QIS3: green
for better, yellow for equal, and blué for\worse. A progress plot for
DAv?2 is not possible duefo.the lack of the functionality to log inter-
mediate improving cuts. The dots of instances G11, G48, G1, and
G43 for DAv2 are overlapping.

performer, and G65, where only DAv3 found a better cut than QIS3. The
drop in performance forsDAv3 on G66rand G72 is attributed to the required

partitioning when the problem size exceeds the 8,192-variable capacity of a
single DAU.

Comparing both DA vérsions‘across the 14 instances where results are avail-
able for both, DAv3 yields dbetter results more frequently than DAv2. DAv2
finds a larger cut than DAw3 only on G63, while it fails against both DAv3
and QIS3 on G65.

Figure 8 shows the progress of DAv3’s cut value relative to QIS3’s over the
runtime For half of the instances, DAv3 achieves an equivalent or better cut
within the first-féew seconds. An equivalent figure for DAv2 is not possible
because it lacks the functionality to log intermediate improving cuts into a
solution pool/ during execution. However, we also display in Fig. 8 the best
cut achieved by DAv2 (dots), as reported in Table 5, along with the shortest
runtime at which it was attained. These results are derived from multiple runs
with.time limits ranging from 1 to 10 seconds. For 6 out of 14 instances, DAv2
found its best cut that matches or exceeds QIS3’s cut in just a few seconds.
For 4 instances, the cut was achieved in roughly half the time limit. This
demonstrates the rapid convergence behavior of the DA toward high-quality
solutions (3a).
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5. Conclusion

We have conducted a comprehensive benchmarking study of Fujitsu’s second-
and third-generation Digital Annealers (DAs), DAv2 and DAv3, on the Max-Cut
problem. We compare their performance against selected best-performing
MQLib classical heuristics, D-Wave’s hybrid quantum-classical solver (HS),
and a recently introduced quantum-inspired heuristic QIS3.

Our evaluation across 2,125 instances—spanning graph sizes from 200 up to
approximately 53,000 variables—was based on the best objective valu@achieved
within instance-specific time limits, ensuring as fair a comparisons@s possible.
The results demonstrate that DAv2 consistently found a better cut than the
best classical heuristics on approximately 69.2% of the benchmarked subset of
instances, while DAv3 maintains competitive performance avith a-suceess rate
of about 60.8%. Notably, DAv3 internal automatic scaling.and rounding to
integer coeflicients proved suboptimal. By applying manual scaling, however,
the success rate improved to approximately 69.1%. On 45 Max-Cut instances
selected by D-Wave, DAv3 outperformed D-Wave’s'HS, particularly on in-
stances with integer weights. DAv3 found lowerquality cuts for the majority
of float-valued instances, though with a high relative eut,ratio. Finally, our
comparison with QIS3 on 16 G-set instances reveals that one or both DA ver-
sions achieve shorter runtimes and better Solutions ig most cases. However,
for two large G-set instances, QIS3 shows,a surprisingly good performance.
We further show that the DA can have a rapid convergence behavior already
before the time limits are met. Often; high-quality solutions can be reached
within the first few seconds of runtime:

Future work can expand thisistudy im several directions. First, we aim to
benchmark the DA on constrained NP-hard problems to assess its effective-
ness in more complex settings. Our results also suggested that performance
is highly instance-dependents, for certain graph structures or sizes, the DA
quickly finds optimal or near-optimal cuts, while in other cases, traditional
solvers or heuristics outperform/it. This variation motivates a hybrid work-
flow that leverages(different solvers depending on the instance features. An-
other promising direction is to incorporate preprocessing techniques into the
DA, tailoredito’a specific problem class such as the Max-Cut, where it could
further enhanee its performance.

We emphasize that future benchmarking efforts would benefit from including
modern_parallelized or GPU-based classical solvers, such as multithreaded
simulated annealing, parallel tempering, or GPU-accelerated heuristics. While
our study is limited by the absence of such solvers, due to lack of publicly
available, and user-friendly implementations, we view their integration as a
natural and important next step. We therefore recommend future works on
such solvers to adopt and extend on our benchmarking design to complement
and build upon our results presented here.
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Appendices

A. DAv2vs. best MQLib heuristics on x-Small-Small
instances

We analyze the performance of DAv2 in comparison with the corresponding
best-performing MQLib heuristics for x-Small and Small categories across all
densities. As identified in Table 3 in Section 3.3, the best heuristic for x-
Small and Small Sparse instances is BURER2002, while for the Balanced and
Denselinstances it is PAL2004bMTS2. This analysis is omitted for DAv3 due
to‘often exceeding the time limit specified for instances in these categories by
significantly more than 10%, leading to an unfair comparison with other solvers
(see Appendix F). Figure 9 illustrates the size and density characteristics of
the instances involved in this analysis, with a total of 1,306 instances. Most
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Figure 9: Distribution of instances by number of vertices and/density for x-
Small and Small category instances. The total number of.instances is
1,306. (a) Scatter plot of instances in terms of their sizesand density.
Darker blue regions indicate a higher concentration’ of instances at
this size and density region. (b) Histogram showing instance counts
by size range; the majority of instances are below ~ 1,000 variables
(in the x-Small category). Inset: Histogram shewing instance counts
by density range; the majority of instances are sparse.

Balanced and Dense instances contain fewer than ~,1,000 vertices, and the
majority of x-Small and Small instances are sparseyds shown by the nested
inset in Fig. 9b and the darker blueregion of Fig. 9a.

Figure 10 shows that on average, DAv2 provides better solutions than BU-
RER2002 in the corresponding categories: x-Small Sparse and Small Sparse
(68.8% and 64.2%). PAL2004bMTS2 eutperforms DAv2 on x-Small Dense
(31.3% vs. 15.4%). For a considerable number of instances, especially in x-
Small Balanced and Dense, both find the same cut value. On the other hand,
DAv2 yields better results than PAL2004MTS2 on Small Balanced and Small
Dense categories, finding a better cut in 53.7% and 58.3% of the instances,
respectively. However, the number of instances in these categories is relatively
small, so these resulfs should:bé interpreted with caution.

Figure 11 presents a bar plot of instance counts across cut ratio ranges,
defined as the ratio of the cut value achieved by DAv2 to that achieved by
the correspending heuristic. The plot shows a clear skew to the values greater
than 1.0 (i.e., higher green bars), highlighting an overall better performance
of DAv2 aver the best-performing MQLib heuristics on the x-Small and Small
categories. Most“losses’ of DAv2 have high cut ratio between [0.998,1.000).
In total, DAv2 achieves better cuts in 612 instances and equal in 506 out of
1306 instances, resulting in a ‘win’ rate of ~ 46.86%, a ‘tie’ rate of ~ 38.74%,
and a ‘loss” rate of ~ 14.40%. As explained in the main text, we consider
paired (by seed) run-level comparisons to assess statistical significance. On
these categories, DAv2 achieves better objective values in a majority (> 3) of
fivé\paired runs on 788 of 1306 instances (~ 60.34%), which is highly signifi-
cant according to a two-sided paired sign (binomial) test (p = 8.03 x 10714).
Runs in which DAv2 and the corresponding category heuristic achieve identical
objective values are conservatively counted in favor of the latter.
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B. Performance analysis on instances with known
optimal solutions

The performance of heuristic solvers is typically tested on large Max-Cut in-
stances, as such instances reveal scalability and robustness and better reflect
real-world problem sizes, thereby enabling meaningful discrimination betwgen
strong and weak solvers. For large Max-Cut instances, the optimal selution is
usually unknown, which is standard in the field [17, 20, 71, 76]. Consequently,
solvers are commonly assessed using best-known cut values or through relative
comparisons against established baseline heuristics, as done in this work.

To complement this evaluation, we additionally compare DAv2 and DAv3
against the best-performing heuristics identified in Section«33 on instances
with known optimal solutions. Owing to the considerations outlined above,
these instances are necessarily small.

We select multiple instance classes with known optimal solutiens from Big-
Mac library [71], which are also included in MQLib [21]y.as listed in Table 6.
Each instance class comprises multiple instances (indicated by the column
number) and varies in size and density, as refleeted by n and d columns. The
exact specifications of the instances are provided in library’s documentation

[71]. S

For each solver, we report the number of instances per class for which the op-
timal solution is found within the instanee-specific time limit (see Section 3.1),
as well as the worst accuracy, i.e. achieved eut/optimal cut, achieved across
all instances in that class.

For bgp, pm, gk, g05, and pw instance classes, nearly all solvers found the
optimal solution for all instances. The main exception occur for BURER2002,
which failed to reach opgimaliy on one instance in bgp class (albeit with high
accuracy), on five instances in gkiclass (with relatively low worst accuracy),
and on two instancessinpw, class (with high worst accuracy). For w instance
class, all solvers found/the.optimal solution for all instances except DAv2,
which failed on a single instance but still achieved high accuracy.

The classes ising and t appear to be the most challenging. For t class, none
of the solyvers found the optimal solution for all instances; DAv3 performed
best, finding the optimum for 13 instances. Similarly, for the ising class, no
solver achieved optimality across all instances. Here, DAv3 again found the
optimal seolution for the largest number of instances, while DAv2 did not for
any instance.

All instances in these classes have integer weights that fit within 64-bit
signed integer, so numerical rounding errors are unlikely to play a role. The
results suggest that, particularly for the ising instances, the assigned time
limit underestimates the problem hardness. Recall that DAv3 often exceeds
short imposed time limits (see Appendix E and Appendix F), which may
explain its superior performance on some instance classes.
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C. Reliability of solvers measured by Coefficient of
Variation (CV)

In the main text, we reported performance comparisons between the DA and
the baseline solvers using the best objective value obtained over 5 indepen-
dent runs with 5 different seeds per instance. This choice was motivated¢by
an application-oriented setting in which practitioners seek the best’solution
obtained from a small number of independent trials. To further show that
this choice does not bias the reported conclusions — and in addition to the
statistical inference assessment that are independent of the best-of-5 metric —
we explicitly analyze the run-to-run variability by presenting distribution, of
the coefficient of variation (CV) across the 5 runs objective values for each

instance. The CV is defined as
~
Standard deviation

CV = , (6)

Mean

which provides a scale-normalized and dimensionless measurerof run-to-run
variability. Fig. 12 shows these CV distributions as box plots grouped by
instance category and solver. The upper plot gorresponds to the study on
Medium to x-Large instances presented in Seetion 4.1, while the lower plot
corresponds to the x-Small to Small instancessstudy.discussed in Appendix A.
L

Overall, Fig. 12 shows that CV values are yery small across all solvers and
categories, indicating a high degreé of.robustness@nd limited stochastic vari-
ability in the obtained objective values. ‘Aecross all applicable categories, DAv2
exhibits the lowest variability, as reflected by the lowest mean (green triangle)
and median (orange horizontal line). CV values. DAv3 is generally more reli-
able than BURER2002 and PAL2004MTS2 heuristics, but less reliable than
MERZ1999GLS. Notably, PAL2004MTS2 produces several extreme outliers
for the Medium - Large and Balanced - Dense instances, which is reflected by
the high CV mean valugi"™We speculate that for larger and denser graphs the
outcome concentrate more sharplyraround the typical behaviour. For too easy
graphs, the behaviourralso,concentrates at the optimal solution.

Figure 13 further reports the distributions of CV of the runtime across the 5
runs per instance. The MQLib category heuristics generally exhibit lower run-
to-run runtime variability than both DA v2 and v3 across almost all instance
categories{ DAv2iis clearly more reliable than DAv3. Nevertheless, the overall
CV values remain small for all solvers and categories.
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CV of objective values across solvers
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(@)}
0.00101 :
0.00051
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2002 MTS2 GLS
Medium - Large Medium - Large x-Large
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0.004
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=
O
0.002
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0.000 =
DAv2 PAL2004MTS2

x-Small - Small
Balanced - Dense
(602)

s of the coefficient of variation (CV) of objective values
e independent runs, aggregated over instances in each size-

elow). The number of instances per category indicated in paren-
theses. Lower CV values indicate lower run-to-run variability of
the solver’s solution. The mean value is indicated by a green tri-
angle and the median by an orange horizontal line. For clarity of
presentation, outliers are not displayed.
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CV of runtimes across solvers
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Figured3: Box plots of the coefficient of variation (CV) of runtimes across five
independent runs, aggregated over instances in each size-density
category studied in Section 4.1 (above) and in Appendix A (below).
The number of instances per category indicated in parentheses.
Lower CV values indicate lower run-to-run variability of the solver’s
runtimes. The mean value is indicated by a green triangle and the
median by an orange horizontal line. For clarity of presentation,
outliers are not displayed.
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D. DAv2 runtime estimation

To allow for DAv2 to terminate within a specific time range, for the purpose
explained in Section 3.1, we have obtained fitted functions to estimate the
annealing time and CPU time based on the input number of variables, runsj
and iterations. To obtain these estimates, we generated runtime data of DAv2
across all instances using various combinations of run and iterationmumbers.
The number of runs was varied from minimum to maximum in steps{of 16,
i.e. 16,32,48,64,80,96,112,128. The number of iterations was set in' relation
to the number of variables as f x n? where f € {1,2,4}.

The runtime strongly depends on the size category introduced in Section 3.2
to which a given instance belongs. Accordingly, the annealing.time and CPU
time functions are defined as ~

Annealing_ time(runs, iterations) = a(runs x iterations) +b (7)
CPU__time(runs,n) = ¢(n® x runs) + d(n x.runs) + en’
+ k(runs) + gn + h (8)

where the fitting parameters a, b, c,d, e, k, g, hy are given'in Table 7 for each
size category. We used these equations to estimate the number of runs and
iterations required for each instance to asfmuch as pgssible meet a specified
time limit. Specifically, we aimed to select thelargest combination of run and
iteration numbers that remains within 10% of the/time limit.

The procedure is as follows: we begin with the minimum values—16 runs
and max(10, 000, n?) iteratiofiszyWe firstiestimate the CPU time under these

|| xSmall: 20 <n <1024 | Small: 1024 < n < 2048

a 2.0081 % 10~° 2.0017 x107°
b 13.2942 48.6364

c -0.5576 <1077 6.2894 x10~7
d 0:0007 -0.0007

e 20877(x1076 3.5768 x1076
k -0.0101 0.7396

g -0.0020 0.0056

h 4.3422 5.3949

Medium: 2048 < n < 4096 | Large: 4096 < n < 8192

a 2.0010 x107° 2.0005 x1076
b 193.8656 126.2170

c 7.8667 x10~7 7.4802 x10~7
d -0.0015 -0.0002

e 4.1800 x106 -9.6817 x1076
k 1.8767 -3.7253

g -0.0056 0.1548

h 59.8780 -264.9900

Table 7: Parameters of DAv2 annealing and CPU time fitted functions,
Eqgs. (7) and (8), respectively.
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DAv2 time decomposition (2044)
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Figure 14: Distribution of relative contributions of- WAv2 primary runtime
components: anneal, CPU, and'sample times, to the total runtime
across 2,044 instances. Thexmean valué is indicated by a green tri-
angle and the median by an orange horizontal line.

values using Eq. (8). From 99%of thetime limit, we subtract the estimated
CPU time along with other fixed overheads, such as sampling”® time and scal-
ing® time to determiné the remaining time available for annealing. The 99%
threshold allows for a buffer, and the sampling and scaling times are instance-
specific constants independent from the number of runs and iterations and are
extracted from the collected runtime data. Based on this, we estimate the
possible number offiterations using Eq. (7). If this value is more than the pre-
vious number of iterations, we update the iteration number accordingly. If it
exceeds 40,000dterations and the estimated total time (CPU time + annealing
time + fixed ‘overheads) is still below 99% of the time limit, higher runs are
explored. @therwise, higher runs are not considered further.

To illustrate the distribution of the relative contributions of DAv2’s pri-
mary runtime components to the total runtime, we present Fig. 14 on 2,044
instances, grouped by instance size categories. The three primary components
areranneal time, CPU time, and sample time. Recall that throughout this
study, we report the total runtime, which includes these three components

SThertime for setting the start and end temperature of the annealing process on DAv2. We
apply the sampling procedure described in [53] to achieve flip probability of 99% in the
beginning and 1% after half of the annealing time.

4Rescaling the QUBO matrix by multiplying it with a factor. This step is essential for
converting floating-point elements to integers and subsequently adjusting the objective
value.
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19 Figure 15: Trade-off between average cut ratio and time-limit adherence across
20 different offset values for DAv3. An offset of 3 seconds (red point)
21 offers the best balance between runtime compliance and cut ratio
22 quality.
23
24
25 as well as additional overheads discussed earlier. As'shown in the figure, an-
26 neal time typically constitutes the largest fraction of the t6tal runtime. Some
27 outliers in the low anneal-time fraction arisestbecause the annealing time is al-
;2 located as the remaining time after accounting for the®ther time components.
30 This pattern is consistent across all instance size categories and remains stable
31 for each of the three runtime components.
32
33
34 . " . .
35 E. DAv3 time limit offset determination
36
37
38 As noted in Section 3.1, DAw3 is more prone to far exceed shorter time limits,
39 so our focus is on identifying amappropriate time offset specifically for such
40 cases. Due to its stochastic runtime behavior, we were unable to obtain a fitted
41 runtime function as'done™or-DAv2 in Appendix D. Instead, we determine a
42 suitable time limit offset empirically. To this end, we executed DAv3 on all
Zi Medium to x-liarge instances that have been assigned by the algorithm in
45 Section 3.1 timelimits between 0.25 and 100 seconds, with an offset-adjusted
46 time limit defined inBEq. (5) with various offsets: 0 to 5 seconds in 1-second
47 increments. Our'goal is to identify the offset that minimizes the number of
48 instances exceeding the 10% time safety margin while achieving the highest
49 possible average'cut ratio. The average cut ratio for each offset is computed
51 1 (& cut;

Average cut_ ratio(%) =: — * | x 100 9
52 ge_cut_ratio(%) N(Zbesti (9)
53 =1
>4 where cut; is the achieved objective value for instance i for each corresponding
gg offset, best; is the best objective value found across all available offset runs
57 for|instance i, and N = 819 is the total number of instances in the Medium
58 to'x-Large categories. In Fig. 15, we show how the offset affects the average
59 cut ratio and the number of instances whose runtime exceeds 10% of the time
60
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limit. An offset of 3 seconds fairly reduces the number of instances that violate
the safety margin, with only a marginal decrease in average cut ratio. Higher
offsets yield minimal improvements but come with additional quality losses,
making them less favorable.

Unfortunately, an explicit decomposition of DAv3’s runtime into different
time components is not accessible; therefore, a plot analogous to Fig. 14 for
DAv2 is not possible.

F. Runtime deviation of solvers from baseline time limit

Solvers do not typically terminate exactly at the specified timenlimit. To
account for this, we define a safety margin with an upper bound of 10%.
In Fig. 16, we present histograms showing instance counts by each solver’s
runtime-to-limit ratio. As shown in Fig. 16¢, the runtimexfitting of DAv2,
detailed in Appendix D, was largely successful. However, it also occasionally
resulted in a runtime shorter than the assigned limit. It still exceeds the time
limit slightly in some cases, but it is still well below the 10% upper limit of
the safety margin.

Although DAv3 includes a time limit fterminatioi¥ feature and an added
buffer, it still exceeds the safety margin on a Significant number of instances—
especially those in the x-Small and Small categories (see Fig. 16a). This is
partially due to a 1-second minimum runtime, as well as the communication
overhead between the DAU and the software layer, making it more likely to
exceed the specified time limit. As‘@result, we restrict our analysis for DAv3 to
larger instances, the raw data aremevertheless provided in the accompanying
GitHub repository [23]a,The time analysis for DAv3 is presented in Fig. 16b
to the Medium through x-Large categories. For a large number of instances,
the runtime of DAv3 ig far below the time limit—more so than DAv2-with
runtimes dropping to as.low as 50% of the limit. This could partly explain
why DAv2 provides@ higher. ‘win’ ratio than DAv3.

As expected, MQLib solvers also often exceed the time limit as shown in
Figs. 16d to 16f. In particular, BURER2002 and PAL2004bMTS2 exceeded
the safety margin for multiple instances. Overall, the DA runtimes remain on
average lower than those of the MQLib heuristics.

40

Page 40 of 48



Page 41 of 48

oNOYTULT D WN =

aOuvuuuuuuuuundADdDDDIEDNDMNDIAEDNDMNDAEWWWWWWWWWWNNNDNNNDNNNDN=S S @92 Qa0
VWO NOOCULLhAWN-_rOCVONOOCTULDWN—_,rOCVOONOOCULDDWN=—_,rOUOVUONOOCULPMNWN—_ODOVUONOUVPSD WN =0

‘ from the analysis.

AUTHOR SUBMITTED MANUSCRIPT - NJP-119933.R1

DAV (1306) DAV3 (819)
<102 =
3 10 g1
&0 20
2 2 ;
g 10y g 10!
<5} o]
2 2
g g @
2 2
104 10% 4 g il Mt Y o
4 6 0.50 0.75 1.00 1.2 1.
Runtime / Limit Runtime / Limi

(a) x-Small to Small categories (not ana-
lyzed).

DAV2 (2044)

102

101,

Instance counts - log scale
Instance counts - log scale

1.05 1.10 1.15
Runtime / Limit

10°

0.96 0.98 1.00 1.02
Runtime / Limit

(¢) x-Small to Large categories. x-Small to Large categories.

PAL2004bMST?2 (204 MERZ1999GLS (81)

—_
(e
3

—_
(e
N

10!

—
[en)
—

Instance counts - log scale
Instance counts - log scale

—_
[e=]
=)

,,,,,,,,,,,,,,,,,,,,,,, 100

1.000 1.001 1.002
Runtime / Limit

(f) x-Large category.

solvers on the majority of instances. DAv2 and MERZ1990GLS re-
main within this margin, whereas DAv3 in (b), BURER2002, and
PALUBECKIS2004bMTS2 exceed it for very few instances. Panel
(a) illustrates why the corresponding DAv3 results were excluded
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Acronyms

CV coefficient of variation . . . . ... ... ... ... ... ..., 34
DAU Digital Annealer Unit . . . . . ... .. ... ... ... ... 8
HS hybrid solver . . . . . .. .. Lo 6
Max-Cut maximum cut . ... ... ... .. ... ... ... 3
MQLib Max-Cut and QUBO instances library . . . . ... ... & .. 6
QAOA quantum approximate optimization algorithm . . . . . . . . & 4
QUBO quadratic unconstrained binary optimization . . . ... .. . 2
DA Digital Annealer . . . . ... ... ... .........4%.. 2
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