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Abstract—Evaluating the performance of quantum devices
is an important step towards scaling quantum devices and
eventually using them in practice. The great number of available
quantum metrics and the different hardware technologies used
to develop quantum computers complicate this evaluation. In
addition, different computational paradigms implement quantum
operations in different ways. A prominent quantum metric is
given by the Q-score metric of Atos. This metric was originally
introduced as a standalone way to benchmark devices using the
Max-Cut problem. In this work, we show that the Q-score defines
a framework of quantum metrics, which allows benchmarking
using different problems, user settings and solvers. To showcase
the applicability of the framework, we showcase a second Q-
score in this framework, called the Q-score Max-Clique. This
yields, to our knowledge, the first application-level metric capable
of natively comparing three different paradigms of quantum
computing. This metric is evaluated on these computational
quantum paradigms – quantum annealing, gate-based quantum
computing, and photonic quantum computing – and the results
are compared to those obtained by classical solvers.

Index Terms—Quantum metrics, Q-score, Application-level
benchmarking, Max-Clique

I. INTRODUCTION

Quantum computers have been under constant development
over the last few years and both industry and academia
have made tremendous efforts to build ever more powerful
quantum computers. The efforts are however diverse, as there
is no consensus on the best approach to building qubits, the
fundamental computational units of a quantum computer. So
far, qubits have been based on various physical phenomena,
such as superconductivity [1, 2, 3], trapped-ions [4] and pho-
tons [5]. Moreover, no consensus exists on the best paradigm
for quantum computing. Three well-known approaches are
quantum annealing, gate-based quantum computing and pho-
tonic quantum computing. Each hardware technology and even
each computational paradigm has its own pros and cons that
make it suitable for specific applications.

While comparing quantum devices based on the same tech-
nology is already hard, comparing quantum devices based on
different technologies is a research field on its own. Quantum
metrics provide a first step towards quantifying the perfor-

mance of quantum devices in a unified manner. However, just
as with quantum computers, a single best metric does not
exist. An overview of some of the leading metrics, as well
as a classification of such metrics, is given by [6]. Instead,
there exist multiple metrics and each has its own benefits and
limitations.

For a long time, quantum devices were compared based
on physical characteristics, such as the number of qubits,
global and single qubit coherence times and gate fidelities, for
instance by means of randomised benchmarking [7, 8]. These
are all examples of component-level metrics, which measure
the performance of specific components of a quantum device.
While this gives valuable insights, they do not necessarily say
much about the performance of a quantum system as a whole.

Later, devices were benchmarked with system-level metrics,
which consider the performance of the system as a whole. A
famous example is given by the quantum volume metric [9],
which measures performance by evaluating which circuits a
quantum device can faithfully run. Complementary to the
quantum volume metric, there is the CLOPS metric, which
measures the time required to implement these circuits [10].
Both the quantum volume and the CLOPS metric output a
single value, which makes comparing the value relatively
easy. While such system-level benchmarks manage to consider
devices as a whole, their output still says relatively little about
their capabilities of solving practical problems. Moreover,
these metrics mainly focus on gate-based quantum devices.

These issues are addressed by application-level metrics,
which measure the performance of quantum devices on quan-
tum algorithms and practical problems. There are various
flavours of application-level metrics. Some consist of a suite
of metrics considering different problems, such as the QED-
C suite [11], SupermarQ [12] and QPack [13]. Others focus
on a specific problem, such as the Q-score [14] and Quantum
Linpack [15]. All of these metrics originally focus on gate-
based devices. As gate-based quantum computers have the
promise to be universal [16, 17], this is not unreasonable.
However, other quantum computational paradigms such as
photonic quantum computing and quantum annealing are also
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relevant and useful for specific problems.
This issue can be solved by extending the Q-score metric.

The metric was originally defined as a stand-alone number
considering the real-world Max-Cut problem to benchmark
devices. The main idea behind the Q-score metric is that
a quantum routine usually is part of a larger computational
workflow, and benchmarks should therefore consider the whole
computational pipeline instead of only the quantum part. For
this reason, it can be defined in a computing-agnostic way,
because of which it can be used to benchmark any machine
that can solve the Max-Cut problem. Earlier work shows how
the Q-score can be extended to benchmark quantum annealers
and classical solvers [18] as well.

In this work, we show that the original formulation of
the Q-score can be extended to form a quantum metrics
framework. This is due to the fact that there are various
parameters in the metric which can be freely chosen, most
notably the optimisation problem. We showcase the strength of
this degree of freedom by defining a second Q-score, called the
Q-score Max-Clique. Our Max-Clique extension is specifically
designed to yield a metric that can benchmark quantum
annealers, gate-based and photonic quantum devices, as well
as classical devices. This yields, to the best of our knowledge,
the first metric capable of making a native comparison between
these three paradigms. The metric is used to benchmark these
three computational quantum paradigms, as well as two solvers
based on classical computing. To our knowledge, this is the
first time performance of these four computational paradigms
is natively compared.

The structure of this paper is as follows: In Section II
background information is provided on quantum computing
for the different technology paradigms and earlier Q-score
work. Section III explains how the Q-score can be adapted
to define a framework, and details a second member of this
framework called the Q-score Max-Clique metric. Afterwards,
Section IV presents the experiments and subsequent results.
This work concludes with a discussion of the results and
directions for further research in Section V.

II. BACKGROUND

A. Quantum Computing

Quantum computers exploit quantum mechanical principles
to perform operations and solve problems. Contrary to clas-
sical states, quantum states do not have to be in a single
computational basis state. Instead, a quantum state can be any
complex linear combination of multiple computational basis
states, a so-called superposition. Upon measurement, only a
single computational basis state is found and the probabil-
ity depends on the amplitude of that state right before the
measurement. In addition, quantum states exhibit correlations
beyond what is possible classically. This strong correlation
between quantum states is called entanglement.

No consensus exists on how quantum computers should best
exploit these principles. Some approaches can perform general
computations but are harder to build or scale, while other
techniques might be easier to implement but are limited in

the type of problems they can handle. The next three sections
briefly recap three popular approaches to quantum computing.

1) Quantum annealing: Quantum annealing is based on
adiabatic quantum computing [19], which is known to be
equivalent to standard gate-based quantum computing [20].
In adiabatic quantum computing qubits are not addressed
individually, but, instead, qubits are prepared in some initial
state and a certain Hamiltonian is slowly applied to these
qubits. The Hamiltonian is constructed so that its ground-
state encodes the solution of the problem. If this evolution
is slow enough, the state remains in the ground state of the
Hamiltonian throughout evolution, yielding the solution to the
problem. The system is required to remain coherent during
the evolution time. As this evolution time of the process can
be exponential in the size of the problem, there are certain
limitations to adiabatic quantum computing.

Quantum annealing tries to solve precisely this prob-
lem [21], where the Hamiltonian is applied fast and more
often. While the system is unlikely to remain in the ground-
state, more samples get generated, which can approximate the
ground-state reasonably well. In its current form, quantum
annealing is non-universal and only suited for optimisation
problems. Programming quantum annealing algorithms re-
quires describing the algorithm as a quadratic unconstrained
binary optimisation (QUBO) problem. Many problems have
a QUBO formulation [22] and have been implemented on
available hardware for small problem instances.

2) Gate-based quantum computing: Gate-based quantum
computing comes closest to classical digital computers. Indi-
vidual qubits or groups of qubits are manipulated by means of
quantum gates. By careful manipulation of the right qubits, any
unitary operation can be implemented on these qubits. Because
of its similarity to classical computers, any classical computing
circuit can also be run on a gate-based quantum device.
However, most gate-based devices are limited to single qubit
gates and specific two-qubit gates on adjacent qubits. While
this limits the unitary operations a device can perform, this
suffices for approximating any unitary operation to arbitrary
precision [23].

3) Photonic quantum computing: With photonic hardware,
photons are used as qubits. Photonic quantum devices ma-
nipulate these photons using phase shifters and beamsplitters.
Phase shifters change the phase of the light, whereas beam-
splitters entangle two different light waves. Finally, squeezers
change the position and the momentum of the light wave.
This is a non-linear interaction needed for universal quantum
computing. In theory universal computations are possible on
photonic quantum devices. However, a main limitation is that
universal computations using photonic devices require proba-
bilistic non-linear interactions. Because of this, there is only
a certain probability of successfully running the algorithm.
The depth of circuits that are performed on photonic quantum
devices are inherently limited by the length of the used setup.
To overcome this, some form of rerouting the photons back
into the setup while simultaneously changing the operations
and the next path for the photons would be needed. Currently,
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this has not yet been implemented in practice.

B. Q-score

In 2021, the company Atos proposed the original Q-score
metric with the idea that the state-of-the-art benchmarking of
quantum devices was insufficient to assess High-Performance
Computing platforms [14]. They designed the Q-score with
the idea of having a metric which is: “application-centric,
hardware-agnostic and scalable to quantum advantage proces-
sor sizes and beyond". Other strengths of the Q-score are that
it is useful (it tells users what they should know), that it is
comprehensive (it covers all relevant attributes) [24], and that
it is easy to understand.

In its original definition, the Q-score measures the largest
average problem instance of the Max-Cut problem at which
a (quantum) device significantly outperforms a random algo-
rithm. The Max-Cut problem is an NP-hard problem in graph
theory which entails finding a partition P of the vertices of
a (weighted) graph into two sets, so that the total weight of
edges between the two sets is maximal. The partition P is
called a cut and the total weight between these two sets is
called the cost C(P ). Just like many optimisation problems,
the Max-Cut problem has a QUBO formulation. In addition,
the Max-Cut problem is shown to be equivalent to many other
optimisation problems. The Q-score can thus be seen as a
metric that measures the performance of a (quantum) device
on general optimisation problems.

To gauge the performance of a certain device on the Max-
Cut problem, Atos suggests solving the Max-Cut problem
for Erdös-Rényi graphs G(N, 1

2 ) [25, 26], which are graphs
with N vertices in which each edge exists with probability
1
2 . By running the algorithm on sufficiently many random
graph instances, the average cost C(N) of the best cut can
be computed. This value is then compared to both the average
cost of a random cut Crand on the same graphs and the average
cost of the best cut Cmax of the same graphs. The performance
of the obtained solution can then be gauged by evaluating the
function β(N):

β(N) =
C(N)− Crand

Cmax − Crand
=

C(N)−N2/8

0.178N3/2
,

The expression Crand = N2/8 is based upon a random
algorithm which randomly partitions the vertices into two sets
of size ⌊N

2 ⌋ and ⌈N
2 ⌉. As each edge exists with probability

1
2 , the expected cost of this cut is ⌊N

2 ⌋ · ⌈N
2 ⌉ · 1

2 ≈ N2

8 .
The expression Cmax = N2/8 + 0.178N3/2 follows from
theoretical results and a least-squared numerical fit for smaller
values of N [14].

From the definition of β(N) it follows that a random
approach results in a β(N) of roughly zero. In contrast, an
algorithm that always finds the best possible cut will give
β(N) ≈ 1. The value β(N) hence captures how ‘good’ a
cut is, with higher β(N) values corresponding to better cuts.
The Q-score of a device is defined as the largest N for which
β(N) > β∗, for some threshold value β∗. Atos suggest a
threshold value β∗ = 0.2 to represent a successful execution

of the algorithm. Thus, any algorithm achieving a β(N)
value higher than 0.2 successfully solved the problem. Other
choices might suffice as well, however β∗ = 0.2 was chosen
so that a noiseless gate-based quantum device running the
Quantum Approximate Optimisation Algorithm (QAOA) [27]
with p = 1, obtains an infinite Q-score.

Any device that can solve the Max-Cut problem can be
assigned a Q-score. This includes classical devices, gate-based
quantum computers and quantum annealing devices. The Q-
score hence allows for comparing devices based on different
computational paradigms. Note that the Q-score depends not
only on the used backend device, but also on the used
algorithm, which gives freedom to use different algorithms
and also compare them to each other. Naturally, this calls for
mentioning the used algorithm to compute the Q-score.

The original definition of the Q-score allows the user to
choose some variables, such as the allowed time for the
computation. This impacts the Q-score significantly, as clas-
sical devices would be able to solve the problem for any N
perfectly, resulting in an infinite Q-score, given a sufficient
amount of time. Other examples of user variables to choose are
the number of random instances of Erdös-Rényi graphs and the
allowed pre- and post-processing optimisation steps. Earlier
work [18] imposed a time-constraint of at most 60 seconds
for each instance, a total of 100 random graph instances per
graph size and considered each solver in an out-of-the-box
fashion to restrict any pre- or post-processing optimisation
steps. If a device failed to find an answer within 60 seconds,
a random cut was used for that instance, corresponding to a
value of β(N) = 0. This earlier work showed that, given these
constraints, classical backends achieve higher Q-scores (2,300
and 5,800) than state-of-the-art quantum annealing hardware
(70 and 140). In turn, the annealing-classical hybrid method
offered by D-Wave Systems Inc. achieved a Q-score of 12,500,
which hints at gains offered by quantum annealing. The work
of [18] also briefly discusses gate-based devices and their
expected lower Q-score, mainly due to their low number of
available qubits, and does not discuss photonic devices.

III. THE Q-SCORE FRAMEWORK AND THE Q-SCORE
MAX-CLIQUE

As mentioned in the previous section, the original Q-
score definition leaves a couple degrees of freedom, the most
notable ones being the allowed runtime and the amount of
optimisation. Earlier work imposed specific values for these
degrees of freedom [18], which yielded a completely set
metric. In addition, the original Q-score definition makes
specific choices for parameters which are inherently degrees
of freedom, the most notable ones being the optimisation
problem, the considered data set and the β∗-value, which
measures the required accuracy. However, these are actually
degrees of freedom which should be imposed by the use
case. As (application-level) quantum metrics should optimally
measure the performance of devices on applications, these
parameters should also remain a degree of freedom in the
definition of the metric.
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This results in the definition of the Q-score framework,
in which optimisation problem, data set, β∗-value, allowed
runtime and allowed optimisation are all degrees of freedom
which have to be chosen by the end user. Given a certain use
case, the Q-score for this specific use case can then be defined
by taking the following steps:

1) Choose (optimisation) problem that is most relevant
to the use case. This problem needs to satisfy three
requirements: firstly, it needs to be solvable for increas-
ing problem sizes. Secondly, it needs to have a single
value as an output, with a higher value corresponding
to a better performance. Lastly, and most importantly, it
needs to have a scalable approximation for the average
value of a random and the optimal solution.

2) Choose a data set relevant to the use case on which
devices can try to solve the considered problem.

3) Choose the required accuracy for the use case, resulting
in a certain β∗-value.

4) Choose the allowed runtime for solving a single problem
instance.

5) Choose the amount of optimisation that is allowed for
solving a single problem instance. This amount should
directly depend on the amount of (economic) resources
that are available for the end user.

The resulting Q-score results in a metric that optimally mea-
sures the performance of a device at solving the use case.

It is good to emphasise that the Q-score framework in
itself is nothing more than a way of combining the different
degrees of freedom to yield a single number output. In the
general definition, the Q-score framework depicts the largest
problem size for which a device "on average" "significantly"
outperforms a random approach at a certain problem on a
certain data set, within the given time limit and allowed
optimisation. In this definition, on average means averaged
over 100 instances within the given data set. It should be noted
that this number could also be seen as a degree of freedom,
but it is not expected that changing this value will result in
different metrics. A device significantly outperforms a random
solution, if the cost C(N) for a given problem size N satisfies

β(N) :=
C(N)− Crand

Cmax − Crand
> β∗,

where Crand and Cmax are the costs of a random and optimal
solution of the considered problem.

To avoid confusion between different instantiations of the
Q-score metric, we suggest to use the standalone name of Q-
score only for the framework itself. To talk about a specific
instantiation of the Q-score, the name Q-score accompanied
with the optimisation problem should be used. If the other
degrees of freedom are of relevance, these should be men-
tioned as well. Thus, the Q-score definition from [18] should
be called the Q-score Max-Cut within this framework (on a
data set of Erdös-Renyí (N, 1

2 )-graphs with β∗0.2, 60 seconds
runtime limit and no allowed (extra) optimisation).

A. Q-score Max-Clique

To showcase the strength of the framework, a second instan-
tiation of the Q-score framework will be given in this section,
called the Q-score Max-Clique. The idea of this extension is
to have a metric which can be be natively implemented on
photonic quantum devices, in addition to gate-based quantum
devices, quantum annealers and classical devices. This allows
a fair comparison between all of these paradigms. The next
section will show that this metric can indeed be used to
benchmark all four of these paradigms.

The Max-Clique problem is an established NP-hard problem
in graph theory which aims to find the largest complete sub-
graph of a random graph of size N . A complete subgraph, or
clique, is a subgraph in which every two vertices are connected
by an edge. Just like the Max-Cut problem, the Max-Clique
problem has a QUBO-formulation and the problem is hence
equivalent to many optimisation problems, in particular to the
Max-Cut problem [28]. The Q-score Max-Clique hence also
serves as a metric on how well a device performs at general
optimisation problems.

To define a Q-score using the Max-Clique problem, the
Max-Clique problem needs to satisfy the three requirements as
mentioned above, of which it clearly satisfies the first two. For
the third requirement, a scalable approximation of the average
random and optimal cost for solving the Max-Clique problem
is required.

The random cost Crand is defined as as the average clique
size found by the following random naive approach: start with
an empty sub-graph G′; Take a random node v ∈ G \G′ and
add this to G′ if, G′ ∪ {v} is still a clique. If not, return the
number of nodes in G′ as the maximum clique size found
by this random algorithm. For general Erdös-Rényi graphs
G(N, p), the probability that this naive algorithm finds a clique
of size at least i is

P[X ≥ i] = pi(i−1)/2.

This follows as each of the i(i − 1)/2 edges has to be
present and each edge is added to the graph independently
with probability p. From this is follows that

P[X = i] = P[X ≥ i]− P[X ≥ i+ 1]

= pi(i−1)/2 − pi(i+1)/2 = (1− pi)pi(i−1)/2.

The expected size of the clique found with the naive algorithm
then equals

E[X] =

N∑
i=1

i · P[X = i] =

N∑
i=1

i · (1− pi)pi(i−1)/2.

For p = 1
2 , this converges quickly to the approximate value

given by Crand = E[X] = 1.6416325.
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For the average cost Cmax of the optimal solution, there
exist scalable expressions in literature [29], which say that
this value scales as

Cmax = 2 log2(N)− 2 log2(log2(N)) + 2 log2(e/2) + 1

= 2 log2

(
Ne/2

log2(N)

)
+ 1.

Note that this is an asymptotic result for N → ∞ and might
not be a good approximation for smaller N . With these two
definitions, it can be concluded that the Max-Clique problem
can indeed be used to define a Q-score metric.

In this work, we consider a specific instantiation in which
the other degrees of freedom are also set. Firstly, as a data
set, the same type of graphs as the original Q-score: (N, 1

2 )-
Erdös-Rényi graphs, and and the cost C(N) is computed as
the average clique size found over 100 random instances of
these graphs. Secondly, a value of β∗ = 0.2 is taken again,
following [14]. Thirdly, the limit on the computation time is
set to 60 seconds per instance, as in [18]. If a device does not
find an answer within the allocated 60 seconds, a clique size
of Crand is assigned, corresponding to a value of β(N) =
0. Finally, all algorithms are considered in an out-of-the-box
fashion to restrict any additional optimisation steps.

All in all, the Q-score Max-Clique with these degrees of
freedom is thus the largest problem size N for which an
unoptimised device obtains a cost C(N) within 60 seconds
for which

β(N) =
C(N)− Crand

Cmax − Crand

=
C(N)− 1.6416325

2 log2

(
Ne/2

log2(N)

)
− 0.6416325

> 0.2.

IV. RESULTS

In this section the defined Q-score Max-Clique will be
utilised to benchmark the different computational paradigms.
It should be noted that the goal of this is not the benchmark
itself, but rather to show that the metric can indeed be used to
benchmark all the different platforms in a native way. First, a
brief overview is given of how the Max-Clique problem can be
solved on each of the quantum computing paradigms, as well
as the devices for which the Q-score Max-Clique is computed.

• Quantum Annealing: The literature contains many
QUBO formulations for the Max-Clique problem, such
as the one in [28]. This formulation is taken and then
solved using annealing hardware from D-Wave Systems
Inc. Both their 2000Q and Advantage systems, with 2041
qubits and 5627 qubits, respectively, are considered.

• Gate-based quantum computing: The same QUBO
formulation can be used to solve Max-Clique instances
using the Quantum Approximate Optimisation Algorithm
(QAOA)[30]. This is a hybrid quantum-classical algo-
rithm in which a certain cost function, depending on mea-
surements of quantum states, is optimised with a classical
optimiser. For each optimisation step, a new quantum
circuit needs to be run. Currently, quantum devices are

accessed through the cloud, and resources are shared
with other users. Because of this, each set of quantum
circuits needs to be sent as a job through the entire
stack and queue, which is rather inefficient, especially in
variational settings, such as QAOA. Solutions are being
developed that provide users the ability to avoid latency
by executing entire programs in containerised services,
such as Qiskit Runtime [31]. Still, significant queue times
remain and once scheduled, a single problem instance can
still take around an hour to execute in practice. The actual
computation time QAOA would take with direct access to
dedicated hardware is hard to estimate. A methodology to
reason about the execution-time of QAOA is developed
in [32]. According to their estimates, candidate solutions
for Max-Cut graphs with 500 nodes can be generated in
under three minutes, which is still above the 60 seconds
threshold.
An extensive review of QAOA, including its various
variants and the challenges related to their applicability,
is provided in [33].
A simple QAOA implementation is considered using only
one layer with SLSQP as optimisation algorithm, see [34]
for the exact implementation. For the experiments, two
hardware backends from different vendors are used: the
16 qubit Guadalupe device [35] by IBM, and the 5 qubit
Starmon-5 device [36] by Quantum-Inspire. Addition-
ally, noiseless simulations without the time constraint
are performed to upper-bound what real hardware could
currently achieve.

• Photonic quantum computing: The main component
used in photonic quantum computing to solve Max-
Clique instances is called Boson sampling [37]. Boson
sampling can be used to obtain dense subgraphs from a
graph [38]. By removing the least-dense vertices of such
subgraphs, they can be converted into cliques. Such a
clique can be made (locally) maximal by adding fully
connected vertices to it. It should be noted that the latter
two steps are classical steps, making this algorithm a
photonic-classical hybrid algorithm. It was shown that
the resulting hybrid procedure is able to find the largest
cliques with sufficiently high probability [39]. A more
extensive overview of using boson sampling for solving
Max-Clique problems can be found in [40]. For the
experiments, the Ascella QPU backend by Quandela is
used [41]. Additionally, noiseless simulations without the
time constraint are performed using Strawberry Field’s
GBS sampler [42] to upper-bound what real hardware
could currently achieve.

In addition, the Q-score Max-Clique is also calculated for
two classical solvers, namely qbsolv and simulated annealing,
both offered by D-Wave Systems Inc. The qbsolv method
solves smaller pieces of a QUBO with a tabu search algo-
rithm [43, 44] and then combines those solutions to a full
solution. The simulating annealing method is able to solve a
QUBO by searching the solution space and slowly decreasing
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Table I: Q-scores Max-Clique with a 60 seconds time limit.
The starred entries were obtained using more than 60 seconds.

Approach Q-score
D-Wave Tabu search 4,900
D-Wave Simulated annealing 9,100
D-Wave Advantage 110
D-Wave 2000Q 70
D-Wave Hybrid solver 12,500
Starmon-5 (QAOA) 5*
IBM-Guadalupe (QAOA) ≥ 5*
Quandela-Ascella 3

Approach Simulated Q-score
QAOA ≥ 16*
Photonics ≥ 20*

the probability of accepting worse solutions than the current
optimum. Lastly, the Q-score Max-Clique is computed for the
hybrid solver provided by D-Wave Systems Inc. This is an al-
gorithm which combines classical and annealing approaches to
solve QUBOs. The precise workings of this solver are however
unknown, so the solver should be seen as a black-box device,
which this may yield a somewhat unfair comparison. However,
this is not an issue for this work, as the goal is to show
that the Q-score Max-Clique can be used to benchmark all
the different platforms, not to perform the comparison itself.
This also demonstrates that the Q-score metric can be used to
compare with various classical (approximate) algorithms.

Table I gives the Q-score of all considered backends.

A. Experiments

To compute the Q-score Max-Clique, 100 random Erdös-
Rényi graphs G(N, 1

2 ) are generated for increasing problem
sizes N with the NetworkX python library. Next, the Max-
Clique problem for these graphs is solved by the different
solvers in an out-of-the-box fashion with the imposed time
constraint of 60 seconds. This time considers the entire
computation time starting from either a graph or QUBO
representation. The only exception is the QAOA algorithm,
for which only 10 graph instances are considered and no time
limit is imposed due to long queuing times. For the simulations
of the gate-based and photonic approach, the time constraint
is also ignored as the simulation time does not represent the
time it would take real hardware to solve the problem. After
obtaining all results for the graphs, the average cost C(N)
and corresponding β(N) are computed. The graph size N is
increased until β(N) ≤ 0.2. For the classical algorithms we
use a modest server with an Intel Core i7-7600U CPU with a
clock speed of 2.80GHz and 12 GBs of RAM. All code used
to perform our experiments has been made open source and
can be found at [34].

Below, the found results for each of the computational
paradigms are discussed in detail.

• Quantum Annealing: The β vs N graph for the D-Wave
Advantage device and its previous-generation 2000Q
device are shown in Fig. 1. The experiments for both
devices start at N = 5 and in each new step, increase N
by five. For the Advantage system, β = 0.2 occurs for
N = 110, which yields a Q-score Max-Clique of 110.

Figure 1: Max-Clique Q-score’s β vs problem size N for the
D-Wave Advantage and 2000Q QPUs. For visibility reasons,
the Advantage graph is off-set by 1 in the x-dimension.

For the 2000Q device it is not possible to find a prob-
lem embedding for instances larger than approximately
N = 70. Hence, a Q-score Max-Clique of 70 is found.
Interestingly, similar limitations exist for Q-score Max-
Cut at the same problem size [18]. It should be noted that
[45] deals with this issue by investigating methods for
decomposing larger problem instances for Max-Clique
into smaller ones, which can subsequently be solved on
the 2000Q device.
For small N , the approximation Cmax is suboptimal,
which explains the counter-intuitive behaviour seen in
the β vs N graph for small N . The crossing β = 0.2 is
unaffected by this approximation error. For completeness,
Fig. 2 gives the β vs N graphs with Cmax the classically
computed largest clique, instead of an approximation
value.

• Gate-based quantum computing: The Q-score Max-
Clique was computed for two hardware backends up
to problem sizes N = 5. On both the Guadalupe and
Starmon-5 devices, no solutions were found within the
60 seconds time constraint. This is why it was decided
to consider the solvers without the time constraint in-
stead. Under these conditions, perfect clique solutions
were found for all tested problem instances. Hence, both
devices achieve β(N) = 1 for all N ≤ 5. The Starmon-
5 device has five qubits, so no larger problem instances
can be solved on this device. The Guadalupe device has
sixteen qubits, but time-out errors in the experiments pre-
vented computing the Max-Clique instances for N ≥ 6.
Noiseless simulations without the time constraint have
been performed up to problem sizes N = 16 to upper-
bound the achievable β on the Guadalupe device. Fig. 3
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Figure 2: Max-Clique Q-score’s β vs problem size N , with
respect to optimal clique solution Cmax, for the D-Wave
Advantage and 2000Q QPUs. For visibility reasons, the Ad-
vantage graph is off-set by 1 in the x-dimension.

Figure 3: Max-Clique Q-score’s β vs problem size N , with
respect to optimal clique solution as Cmax, for noiseless
simulations of gate-based quantum computing and photonic
quantum computing.

shows the β vs N graph. From the graph, we conclude
that a Q-score Max-Clique of 16 is in principle attainable
using the given QAOA setup.

• Photonic quantum computing: The Q-score Max-Cliqe
was computed for the Ascella QPU offered by Quandela.
The hybrid workflow as mentioned above was used,
without the use of the classical clique extending step. In
this way, the performance of the quantum processor was

measured as purely as possible. The experiments gave
good results for size N = 3, with a β(3) = 0.71 as a
result. Unfortunately, the experiments for larger problem
sizes yielded circuits which were too large for the current
hardware offered by Quandela. Because of this, the Q-
score obtained by this quantum device equals 3.
Noiseless simulations without the time constraint have
been performed up to problem sizes N = 20 to upper-
bound the achievable β on photonic devices. The simu-
lations were run up till N = 20, as larger problem sizes
yielded intractable simulation times. Fig. 3 shows the β
vs N graph. From the graph, we conclude that a Q-score
Max-Clique of 20 is in principle attainable using a large
enough photonic device.

• Classical and hybrid: Lastly, Fig. 4 shows the β vs N
graph for D-Wave’s classical and hybrid solvers. For the
classical solvers, the simulations start for N = 100 and
increase in size with steps of 100. The computation is
terminated when the average time for graph sizes exceeds
100 seconds on our server to ensure that the region of
0 to 60 seconds is captured completely. For the hybrid
solver, β is calculated for problem instances starting from
N = 1,500 up to N = 12,500 with steps of 500 and a
time constraint of 60 seconds. Due to the relative high
cost of resources of the D-Wave hybrid solver, only a
single problem instance is considered per problem size.
Each of these solvers is able to maintain a β > 0.2
for large problem instances N . Therefore, the Q-score
Max-Clique is determined by the imposed 60 seconds
time constraint. Fig. 5 shows the average time taken
to solve a problem instance. For the hybrid solver, the
minimum needed computation time is hard-coded. From
these results, we report a Q-score Max-Clique of 9,100
and 4,900 for the D-Wave implementations of simulated
annealing and tabu search respectively. The hybrid solver
has a Q-score Max-Clique of 12,500 because of the hard-
coded computation time constraint.

V. CONCLUSION AND DISCUSSION

In this work, the Q-score as originally introduced by Atos
is extended to a framework definition. First, it is noted that the
original Q-score definition and subsequent work make many
arbitrary choices, which should actually be left as degrees of
freedom for the user. By stripping the original Q-score of
these arbitrary choices, the Q-score framework can be defined.
In this framework, optimisation problem, data set, β∗-value,
allowed runtime and allowed optimisation steps are left as
degrees of freedom. By choosing these degrees of freedom
to optimally match the use case at hand, a suitable metric
can be designed for each use case. The Q-score framework
then captures a score defined as the largest problem size for
which a device on average significantly outperforms a random
approach.

To showcase the applicability of the Q-score framework,
this work also defines the Q-score Max-Clique. Our choice for
Max-Clique is motivated by the existence of a clique search
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Figure 4: Max-Clique Q-score’s β vs problem size N for
the D-Wave classical tabu search solver (qbsolv), D-Wave
Simulated Annealing and their hybrid solver.

Figure 5: Average time taken per problem instance N for
the D-Wave classical tabu search solver (qbsolv), D-Wave
Simulated Annealing and the hybrid solver.

algorithm for photonic hardware. This allowed us to define
the first quantum metric which can be natively implemented
on three quantum paradigms, as well as classical computers.
This metric is instantiated with specific degrees of freedom,
after which it is applied to solvers from all four paradigms.
This evaluation shows that it is indeed possible to use the
Q-score Max-Clique to benchmark all paradigms.

It is important to note that there are other ways of defining
quantum metrics that can compare all four paradigms. As
an example, the BACQ initiative focuses on the original Q-

score metric to benchmark photonic devices as well [46]. This
can be done, as the Max-Cut problem can be rewritten as a
problem that is solvable on photonic quantum devices, such
as the Max-Clique problem. Both methods are valid ways of
yielding a metric that is capable if benchmarking solvers of
all paradigms, with neither being better than the other. One
showcases the value of the Q-score as a framework, while the
other showcases the strength of the original Q-score Max-Cut
metric itself.

The strength of the Q-score framework comes from the
fact that it contains many degrees of freedom that can be
optimally matched to different use cases. It could be argued
that this is also a weakness of the Q-score: users should be very
specific on how the metric is defined, which might complicate
a potential comparison between different works. Hardware
vendors, in particular, have an incentive to select the degrees of
freedom in a way that suit the performance of their hardware.
This makes the Q-score framework less suitable to form "the"
application-level metric that should be used in any situation.
However, that is also not the goal of the framework: instead,
it yields a method that has gives valuable insights for any use
case.

In the definition of the Q-score Max-Clique, various degrees
of freedom were chosen in quite an arbitrary way. Of course,
different choices could be made for the various degrees of
freedom, some of which will be discussed here. Firstly, one
could argue that our choice for random algorithm is too naive
resulting in a constant Crand value, which might seem strange
for large problem instances. A different, yet naive, algorithm
would be to start from a random node and grow it to a clique
by iterating over all possible vertices. In the end, different
random algorithms will result in different β vs N graphs and
hence different Q-scores. However, it is expected that this
does not significantly change the relative performance between
devices, and hence does not change the relative Q-scores.

Secondly, the runtime limit was chosen as 60 seconds.
Although other choices would have been reasonable as well,
this was decided following earlier work [18]. Unfortunately,
this time limit was too high for the photonic and gate-based
quantums solvers, mainly due to queueing times. To showcase
results for these solvers as well, it was decided to perform the
benchmark for these paradigms without the time constraint. It
was decided to keep the time limit for the other solvers, as
especially the classical solvers would have otherwise obtained
unrealistically high Q-scores due to their brute-force abilities.
Naturally, this makes the comparison using this benchmark
somewhat unfair. However, as mentioned before, this is not an
issue for this work, as the goal of this work is not to perform
a fair comparison, but rather the showcase the applicability of
the Q-score Max-Clique. Once the different paradigms have
matured, and queueing times have decreased, it is expected
that using the same time limit throughout will result in a fair
benchmark.

In this work, the hybrid solver of D-Wave obtained the high-
est Q-score Max-Clique of 12,500 of all considered solvers.
The differences with other classical solvers are however not
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yet significant enough to hint towards a quantum advantage.
The hybrid solver forms a black box, which hinders attributing
the better performance solely to the quantum routines. Unfor-
tunately, D-Wave does not publish any information regarding
these precise workings. What is known, however, is that the
hybrid solver uses a server stronger than our local solver for its
classical routines. Naturally, this yields an unfair comparison,
and it is in particular also expected that the classical solvers
will obtain higher scores if they were to be implemented
using stronger servers. All in all, it can be concluded that
the performed benchmark should not be used to compare the
solvability of the hybrid solver to the classical solvers. Again,
this is not an issue for this work. For future practical use of
the Q-score Max-Clique, it is expected that both solvers will
be benchmarked using similar server capacity. In addition,
the β vs N graph for the hybrid solver shows a seemingly
inexplicable drop at around N = 11000. It seems that there
is something in the black box workings of the hybrid solver
that results in problems of size larger than N = 10000 being
relatively more difficult to solve for the hybrid solver.

Quantum annealing has the largest Q-score Max-Clique of
the different quantum computing approaches, with 110 for the
Advantage system as its highest value. This is not a surprise
as it has more qubits and hence allows for larger problems to
be implemented than the considered gate-based and photonic
hardware. In turn, gate-based and photonic hardware obtain
similar Q-scores, with gate-based devices slightly outperform-
ing their photonic counterpart. It should however be mentioned
that the gate-based devices did not manage to find a solution
within the proposed time limit, while the photonic device did.
As QAOA is effectively a smart guessing algorithm, giving
it large amounts of time means it would essentially always
find the optimal solution for small problem instances. Future
experiments with larger photonic and gate-based devices will
have to show how these paradigms actually compare on the
Q-score Max-Clique. Lastly, all classical solvers currently
outperform the state-of-the-art quantum computers for each
considered technology, as was originally expected.

Comparing Q-score Max-Clique with earlier results for
Max-Cut [18], shows that the Q-score for the Advantage
system is slightly lower (110 versus 140), while the 2000Q
device finds the same score of 70 for both Q-scores. On the
contrary, the classical approach performs better for the Max-
Clique problem, with scores of 2,300 vs 4,900 and 5,800
vs 9,100 for the D-Wave implementations of tabu search
and simulated annealing respectively. However, upon closer
inspection that does not tell the whole story. Specifically, for
the Q-score Max-Cut, the classical and hybrid solvers find
solutions of perfect quality β = 1 throughout, while for
Q-score Max-Clique, the same solvers show both a variety
and decrease in the solution quality parameter β. So, while
the absolute Q-scores Max-Clique are higher, the Q-score
Max-Cut finds higher quality solutions throughout. This hints
towards the added value of a suite of Q-scores for different
optimisation problems and parameter settings, for example
using different β∗-values. In this way, the best hardware for

each optimisation problem and application can be found.
For future work, it would naturally be most interesting to

consider other instantiations of the Q-score framework. This
should consider both other problems, as well as changing the
other degrees of freedom. In addition, it would be interesting
to consider how evaluations using the different Q-scores
compare, and how these different Q-scores compare to other
application-level metrics.

Regarding future work for the Q-score Max-Clique, it would
be interesting to extend the QAOA results to more hardware
backends and larger problem instances. For a fair comparison,
additional research is needed on the execution time of QAOA.
Alternatively, it would also be interesting to consider different
gate-based algorithm approaches. For example, one could also
solve the Max-Clique problem using a Grover’s search [47] or
a variational quantum eigensolver [48].
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