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quantum circuits for the resolution of both MaxCut and Graph-Coloring combinatorial problems. The
presented algorithm represents a significant improvement over an already existing genetic algorithm
called Decomposition Based Genetic Algorithm (DBGA), and is characterized by a completely new
coding scheme that allows to reduce the number of SWAP gates introduced in the decoding step,
consequently reducing the circuit depth. After providing a description of the problem, this paper
presents the newly produced genetic algorithm (termed DBGA-X) in detail, especially focusing on
the new coding/decoding scheme. Subsequently, a set of results will be presented that demonstrate
the superior performance of the new method compared with the results obtained from recent

literature against the same benchmark. In addition, new benchmarks characterized by larger quantum
architectures and by a higher number of compilation passes are proposed in this paper, to the aim of
testing the scalability of the proposed method in more realistic scenarios.

© 2023 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND

license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Quantum computing is a promising technology based on the
laws of quantum mechanics, which allows to tackle problems
that are extremely hard for classical computers. Together with
the development of this technology, the researchers are devising
new quantum algorithms that try to outperform their classical
counterparts. For example, in [1] a quantum algorithm to solve
the problem of logical equivalence is proposed, and the authors
claim that it may take exponentially less time than the classical
deterministic computation. Just as classical computing entails the
execution of classical algorithms, quantum computing entails the
execution of quantum algorithms (i.e., quantum circuits) for the
resolution of the problems.

This work focuses on gate-based quantum circuits, i.e., quan-
tum algorithms that are composed of elementary quantum op-
erations (called quantum gates or qgates) that can be considered
as the quantum counterpart of the logical gates in classical com-
puting. As the classical logical gates operate on bits, the quantum
gates operate on quantum bits (qubits). At every instant during
the computation, each qubit finds itself in a given quantum state
(gstate), which may be basically seen as the qubit’s value. A
quantum circuit is in fact a series of qgates that are applied on
qubits over time, whose gstates are consequently modified during
the circuit’s execution.

In particular, the paper revolves around the Noisy Interme-
diate Scale Quantum (NISQ) processors [2], which represent the
current state of the art in quantum hardware technology; from
the topological perspective, NISQ architectures can be described
as undirected weighted graphs whose nodes represent the quan-
tum processor’s qubits and the edges represent its physical con-
nectivity.

Fig. 1 shows six quantum chip designs, each characterized by
a different number of qubits (N = 4, 8, 21, 40, 72, 127)1. Each
qubit is located in a node and identified by an integer. In order to
guarantee reliable computation, each quantum circuit must sat-
isfy a number of constraints, imposed by both the hardware and
the algorithm. For the purpose of this work, one of the most im-
portant constraints to be satisfied is the following: every 2-qubit
qgate (binary quantum gate) may be executed in a pair of qubits
only if they are adjacent, i.e. they are connected by an edge. Since
binary qgates need to be applied to adjacent qubits (i.e., nearest
neighbors), every time the circuit requires the application of a
binary qgate to non-adjacent qubits it is necessary to move those
gstates so as to satisfy the nearest neighborhood condition. This
objective is achieved by planning for, and introducing in the
circuit, a proper number of swap gates, i.e., particular quantum

1 The four smaller topologies are inspired by Rigetti Computing Inc., whereas
the largest two are the Google Bristlecone (72 qubits) and IBM Eagle (127 qubits)
architectures.

binary operations whose purpose is to swap the gstates of two
adjacent qubits. In other words, the swap gates are used to move
the gstates around the quantum chip, thus eventually satisfying
the nearest neighborhood condition every time it is necessary
for binary gate execution. The problem of “distributing” the gs-
tates over a specific architecture to satisfy the aforementioned
constraints is known as Quantum Circuit Compilation Problem
(Qccp).

The goal of this work is to solve the QCCP by planning and
scheduling in the quantum circuit a number of swap gates by
means of a genetic algorithm characterized by a novel and very
efficient coding/decoding scheme. The produced solutions (i.e., the
compiled circuits) will distribute the gstates along the physical
qubits during the execution, thus ensuring the adjacency of any
pair of qubits for all binary quantum gates, before gate applica-
tion. Unary gates can be applied to any given qubit at any given
time, unlike binary gates.

Specifically, this work builds upon the genetic algorithm pro-
posed in [3] and presents the following novel contributions:

1. introduces a completely new coding/decoding scheme that
significantly improves the results with respect to the state
of the art;

2. conducts a comprehensive experimental study, extending
previous results in the literature, by:

e integrating a set of experiments based on two recent
large architectures, the Google Bristlecone (72 qubits)
and the IBM Eagle (127 qubits);

e analyzing quantum circuits composed of up to 5 com-
pilation passes whereas previous literature consid-
ered at most 2 passes, thus testing the scalability
properties of the method.

Relatively to the last contribution listed above, it is known
that in QAOA algorithms the accuracy of the obtained results is
directly proportional to the number of compilation passes. Unfor-
tunately though, in the realm of NISQ processors, increasing the
number of passes (i.e., increasing the circuit’s depth) eventually
makes the computation unreliable because of decoherence, thus
forcing the developer to find the correct balance between the
circuit’s depth and the required accuracy. In general however, the
capability to efficiently compile circuits characterized by many
passes remains of high value, in view of less noisy and more
reliable future NISQ processors. Also, in [4] it is suggested that
the number of compilation passes p should grow with the system
size N (e.g., p > logN) in order to outperform the best classical
algorithms.

The remainder of this paper is structured as follows. In the
next Section, an overview of the related literature on the tackled
problem is presented. Next, the basics of the QAOA, as well as
the description of how it is applied to the MaxCut problem is
presented in Section 3. Section 4 is then dedicated to the formal
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Fig. 1. Six quantum chip designs with different number of qubits.

definition of the QCCP for the MaxCut problem, and the subse-
quent Section 5 is dedicated to the proposed genetic algorithm.
The empirical analysis is described in Section 6, in which the
obtained results are compared with those related to the previous
state of the art. Finally, in Section 7 the main conclusions are
drawn, and some ideas for future research work are advanced.

2. Background literature

Even though quantum circuit compilation has been considered
in the literature over more than one decade, the QCCP considered
here was initially formulated in [5] and more thoroughly de-
scribed in [6], where the authors explored the utilization of tem-
poral planners for its resolution, and published the first results
against a benchmark set of MaxCut problem instances created on
purpose — here referred to as reference benchmark. The model
described in [5,6] applies the Quantum Approximate Optimiza-
tion Algorithm (QAOA) to the MaxCut problem [7] on quantum
architectures inspired by Rigetti Computing Inc. [8].

Those results were outperformed in [9] by leveraging a
heuristic-based greedy randomized search procedure. The same
heuristic was subsequently embedded in a genetic algorithm
in [10], producing further improvements. In [11], the authors
proposed an iterative procedure that utilizes a priority rule-
based rollout heuristic, obtaining results that further improved
the previous state of the art. Afterwards, the results reported
in [11] were further improved in [3], where the authors present a
genetic algorithm based on a decomposition of the problem into
a number of rounds. The best results on the reference benchmark
are currently reported in [12], where the authors develop an ant
colony optimization algorithm, introducing a novel pheromone
model and leveraging a heuristic-based priority rule to control
the iterative selection of the quantum gates to be inserted in the
solution.

Moving away from the works that revolve around the refer-
ence benchmark, the application of QAOA to the MaxCut prob-
lem is also tackled in [13], where the authors study how dif-
ferent graph characteristics correlate with QAOA performance,
or in [14], where local classical MaxCut algorithms are com-
pared with QAOA. In [15] the authors prove that for three-
regular random graphs, QAOA performance shows improvement
by up to two orders of magnitude compared to previous es-
timates, strongly reducing the performance gap with classical
alternatives. Different approaches, such as lookahead heuristics
combined with simulated annealing [16], or temporal planning
combined with constraint programming [17,18], have also been
applied to the QCCP with success.

In this study, the QCCP is tackled using Genetic Algorithms
(GA). GAs are a computational technique inspired by the process
of natural selection observed in biology, which mimics the bio-
logical process of evolution, including selection, crossover, and
mutation. GAs are widely used in various fields such as engineer-
ing, finance, computer science, and biology, to name a few, as
they have proven to be highly effective in solving problems such
as resource allocation [19,20], scheduling [21,22], and optimiza-
tion [23,24]. The empirical evaluation carried out in this paper
will prove that, if efficiently encoded, the depth-optimization
version of the QCCP can be solved very effectively using GAs,
compared to the results in the current literature.

3. QAOA and MaxCut
The Quantum Approximate Optimization Algorithm (QAOA)

combines both quantum and classical computation to solve com-
binatorial optimization problems of the form

m
optimize: Z Cu(2)

a=1

(1)
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where z = (z4, .. ., z,) is a vector of binary decision variables and
C,(z) its clauses. The goal of the problem is finding an assignment
of zi € {+1,—1},1 < i < n, optimizing the number of satisfied
clauses.

By promoting each variable z; to a qubit, clauses C,(z) are
translated into equivalent quantum Hamiltonians C,. A number
of rounds p and two vectors of p angles y,8,0 < B < m,
0 < y < 27,0 < i < p are then selected. Given gstate
[+) = %|0) + -1 |1), the following state is considered starting

V2
from its n qubits:

p
[Wp(7. BY) = | [ e #rHeete|4)on (2)

r=1

where Hr = Z';:] C, is the problem Hamiltonian and Hp is a
mix Hamiltonian of the form Hp = Zj'?:] X;, where Xj is the
X Pauli matrix applied to qubit j. An approximate solution to
the problem given in Eq. (1) is obtained by measuring the state

defined in Eq. (2), whose expected value is

(o7, B)Hc 1Wp(7, B)) (3)

The state of the qubits after the transformation will represent
a good solution to the problem with high probability in case
that the values of B, ¥ and p are appropriately selected. An
increase in the number of rounds produces an increase in the
quality of the solution (with the caveat expressed at the end of
Section 1). Classic optimization is used to select 8 and y, for
example applying simplex or gradient based optimization [25].
Then, for each candidate (y, 8), the quantum computer calculates
and measures the state of Eq. (2).

3.1. MaxCut problem

Starting from an undirected graph G = (V, E) with a set of
nodes V = {1,...,n} and a set of arcs E, the objective of the
MaxCut problem is to partition V into subsets V. and V_; so
that the number of arcs in E connecting nodes of the two subsets
is maximized:

o 1 -1 ifkeV_,
minimize: Z 5(21-21-), Zk _l 1 ifkevy, (4)
Therefore, for each arc (i, j) there is a Hamiltonian C,, and the arc
only depends on these two variables. It is defined as

1
Gj= E(Zi ®1Z) (5)

where Z; is the Pauli matrix Z applied to qubit i (analogously for
Z;). Hence, each of the m components of the problem Hamiltonian
H¢ corresponds to operator:

e"in/2 0 0 0
Gy 0 en/2 0 0
rCij
=1, 0 en?2 g (6)
0 0 0 e n/2

which is the Rz (y) gate. Every two of these operators sharing
a qubit commute and so they may operate in any order, which
makes it hard to obtain the overall best schedule.

Given the mix Hamiltonian Hg, each of its components corre-
spond to the unitary operator

oy _ (cos(B)  —isin(py)
= (S o) g

Operators (6) and (7) will be denoted by p — s(q;, q;) and
mix(q;) in the following.

Applied Soft Computing 144 (2023) 110456

4. The quantum circuit compilation problem

The QCCP is defined by a tuple P = (Cy, Lo, QM), where:

e (y is the input quantum circuit;

e Ly is the initial allocation of the gstates on the qubits;

e QM is the quantum hardware topology, represented as a
graph.

The input quantum circuit (Co). The quantum circuit G, = (Q,
P — S, MIX, {Zstart» Eena}> TCo) contains all the necessary informa-
tion to solve the MaxCut problem by means of the QAOA paradigm,
where: (i) Q = {q1, ..., qn} is the set of qgstates, which represent
the resources necessary for each gate’s execution; (ii) P-S and MIX
are, respectively, the set of p-s (phase-separation) and mix gate
operations, whose mathematical formulation was provided in the
previous section; (iii) Zsqr¢ and geng are respectively the initial and
final fictitious gates that do not operate on any qstate, and (iv) TCy
is the set containing the initial precedence constraints acting on
the p — s, miX, Zsare and Zeng gates. It should be noted that p-s and
mix gates act on two and one gstates respectively, and therefore
the notation p — s(q;, q;) and mix(q;) is used to represent them.

The quantum hardware (QM). The quantum hardware is repre-
sented by an undirected graph QM = (Vn, Ec, Eq, Tp—s, Tmixs Tswap)»
where:

e Vy = ({n;...ny} is the set of qubits belonging to the
quantum device;

e E = E.UE, is a set of undirected edges. Each edge establishes
a pair of adjacent qubits, thus defining the set of binary gates
(p-s or a swap gates) executable on the quantum machine.
The sets E. (continuous) and E; (dashed) determine two
different durations of the p-s gates executed on those edges;

e 7, is the duration of each p-s gate, and in this study it is
equal to 3 when the gate is executed on a continuous edge
and equal to 4 when it is executed on a dashed edge;

e T is the duration of a mix gate, and in this study it is
always equal to 1;

® Tyqp is the duration of a swap gate, and in this study it is
always equal to 2;

The QCCP constraints. Importantly, the QCCP is characterized by
the following rules/constraints:

1. each gstate g; can be processed by at most one gate at any
given time;

2. every quantum gate requires the uninterrupted use of all
the involved gstates for the gate’s whole duration;

3. all gates in P-S and MIX must follow g+ and precede genq;

4. the P-S and MIX sets must be organized in a number of
steps that must obey the following ordering: P — Sy, MIX;,
..., P—=Sp,, MIX;, where p is the number of rounds (or
compilation passes) that are to be executed in the QAOA
algorithm;

5. for every round r = 1, 2, ..., p, all the p-s gates belonging
to the P — S, set that require a specific gstate g; must be
processed before all the mix gates belonging to the MIX, set
that require the same gstate ¢;;

6. all p-s gates € P — S, may be executed in any order, as they
are commutative;

7. for every round r = 1,2,...,p — 1 all the mix gates
belonging to the MIX, set that require a specific gstate g;
must be processed before all the p-s gates belonging to the
P — S, 41 set that require the same gstate g;.

Fig. 2 (left) depicts an example graph corresponding to the
problem instance no. 1 taken from the (N = 8, u = 90%,
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P-S, MIX, P-S, MIX,
p-s(ay,0s)  mix(a,) p-s(d,,9s)  mix(a,)
p-s(apa;)  mix(q,) p-s(a,ds)  mix(qy)
p-s(a,ds)  mix(as) p-s(d,9s)  mix(qs)
p-s(axa;)  mix(a,) p-s(aya;)  mix(qy)
p-s(as,d;)  mix(as) p-s(ds,q;)  mix(gs)
p-s(dg,ds)  mix(qe) p-s(dy,ds)  mMix(qg)
p-s(a,ds)  mix(a,) p-s(d,9s)  mix(a,)
P-s(ds,d6) p-s(ds,96)

Fig. 2. A graph with 7 nodes representing an example MaxCut problem instance. Each particular gstate g; is associated with a node. If p = 2 compilation passes are
considered, the p-s and mix quantum gates that have to be executed are listed in the right side of the figure.

p = 2) subset of the reference benchmark (see Section 6.1). As
clearly shown in the picture, the presented instance entails two
compilation passes, each characterized by a list of p — s(q;, g;)
gates and a list of mix(q;) gates.

A solution to the problem is represented by a tuple S =
(SWAP, TC) that extends the initial circuit Cy, where:

e SWAP is a set of swap gates that must be added to ensure the
adjacency constraints necessary for executing the p-s gates;

e TC contains a number of additional precedence constraints
for each gstate g; such that a total order is imposed among
the set of gates requiring g;. These precedence constraints
must enforce that gstates (q;, g;) of all p-s and swap gates in
the circuit are allocated on adjacent qubits.

A swap gate swaps the qstates of two adjacent qubits by
implementing the following operator:

1 0 0 O
0 01 O

SWAP = 01 0 0 (8)
0 0 0 1

The makespan of a solution is defined as the maximum com-
pletion time of all gates in S.

Alternatively, a solution to the problem can be represented
using an activity-on-the-node graph Gs = (Vs, Es), where Vs =
{gstart » ena} U P — S U SWAP U MIX and Es determines the partial
order of the operations in Vs according to TCo U TC. In this case,
the makespan of the solution is equal to the length of the critical
path, i.e. the longest path from the gy node to the g.,q node.
Fig. 5(a) depicts an example of a solution graph, where the cost
of the arcs corresponds to the duration of the operation the arc
originates from.

The objective of the QCCP is finding a feasible schedule with
minimum makespan, which is an NP-hard problem [26].

QCCP example. The following example illustrates the previous
definitions. Consider the quantum chip with N = 4 (see Fig. 1(a))
and the graph of Fig. 3(a). To solve this problem the following
gates have to be executed: p — s(q1, q2), p — S(41, G3), p — s(q2, q3)
and p — s(qs3, q4). Note that, for the problem to be properly
mapped on a quantum device, the device must contain a number
of qubits greater than or equal to the number of nodes of the
graph to be cut.

Fig. 3(b) depicts a compiled quantum circuit (i.e., a solution)
considering only one compilation pass, i.e. p = 1. Note that all
adjacency constraints are satisfied by adding only one swap gate
to the solution.

The corresponding solution graph is shown in Fig. 5(a), charac-
terized by a critical path equal to 16. In order to better understand
the solution graph, note that every p — s(q;, ;) and swap(q;, q;)

n4 -I-ﬂ—gi
1
q2 @\ n2 .
\
\
a1 e 1 N3 '.
a4 ' —
’
g3 o ng

(a) MaxCut instance. (b) Quantum circuit (right) for the MaxCut instance
of Figure 3(a) on the quantum hardware with 4

qubits on the left.

Fig. 3. Example of a MaxCut instance (a) and a possible solution for it
considering p = 1, represented by a quantum circuit (b). It is assumed that each
gstate g; is initialized on qubit n;. The p-s gates are represented with rectangles,
mix gates with squares and swap gates with single lines. Operations on each
qubit over time are represented with the horizontal lines. Depicted on the left
is the considered quantum device.

ch, ‘ Ps(d3,a) | Ps(ay,95) | ps(y,,) | ps(dyas) ‘

ch, ‘ 0.21 | 0.78 | =l | 0.43 ‘

Fig. 4. A chromosome encoding the solution in Fig. 3(b).

gate has two successor nodes and two predecessor nodes, which
correspond to the previous or to the subsequent gates executed
on the gstates g; and g;, respectively. In case a gate utilizes the
same two qstates as its successor or predecessor, a double arc
is depicted. Since the mix gates only operate on one qstate, they
always have only one successor and one predecessor. Lastly, the
first gate executed on a gstate has the node g+ as predecessor,
whereas the last gate executed on a gstate has the node g4 as
Successor.

Fig. 5(b) depicts the Gantt chart of the solution with the start
and end times of all the circuit gates, and showing a makespan
equal to 16, which corresponds to the highest end time of all
gates. Fig. 4, representing a chromosome example of the genetic
algorithm, will be described in Sections 5.1 and 5.2.

5. The decomposition-based genetic algorithm

This paper borrows the Decomposition-Based Genetic Algo-
rithm (DBGA) proposed in [3], which follows an incremental
procedure such that in each iteration r € {1,...,p} it solves
the subproblem defined by rounds 1, ..., r. In particular, in each
iteration r it starts from solutions to the subproblem defined by
rounds 1, ..., r—1and adds the p—s and mix gates corresponding
to round r, adding swap gates whenever necessary.

The main drawback of the proposal of [3] is that, as the prob-
lem complexity is so high, the search space is too large and so it
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{mix(ag) | lswap(dz,q4)]
3
4
4 mix(q1) !

(a) Solution graph. Its makespan corresponds to the length of the critical
path (16), indicated by bold arcs. When a binary qggate takes both inputs
from the same node it is depicted a double arc.

qstate
ds | P-s(a3,94) [;LX) (:‘;:3)
s | P-s(daqa) | P-s(d1,93) Ps(@29) | o
a @) | o | PS@) |y
a ‘ p-5(a1.93) ps@ad) |y
5 10 15 MK=16 time

(b) Gantt chart that represents the start and end times of oper-
ations on each gstate.

Fig. 5. Representation of the solution in Fig. 3(b), the related solution graph (a)
and its Gantt chart (b).

is remarkably difficult to find efficient solutions. It can be argued
that the drawback comes from the chosen coding scheme, which
allows a p-s gate to be scheduled in any part of the quantum
chip. In this paper each p-s gate is restricted to be scheduled in a
shortest path between the two corresponding qstates. Therefore
there is less flexibility as a lower number of solutions are allowed,
in fact the method may even lose the possibility of finding the
optimal solution. On the other hand solutions are in average more
efficient, and that allows the final performance of the algorithm
to highly improve.

Another advantage with respect to the DBGA of [3] is that the
heuristic initialization of the chromosomes proposed in that pa-
per is not needed anymore. The search space reduction produced
by the new coding and decoding scheme results in every chro-
mosome having similar quality as those heuristically initialized,
thus overall simplifying the genetic algorithm.

The following subsections detail the components of the pro-
posed method, termed DBGA-X.

5.1. The coding scheme

A chromosome for round r is a triplet (sg;_1, chy, chy), where
sgr_1 is a solution graph to subproblem 1,...,r — 1, chy is a
permutation of the set of p-s gates of round r, and ch, contains
the swap insertion strategy for each p-s gate of ch;. The main
difference with respect to the algorithm proposed in [3] lies in
ch,, in which now each position can be either a float number in
the interval [0.0, 1.0) (when using strategy MP), or a —1 (when
using strategy EST). Both strategies will be detailed in Section 5.2.
Some example chromosomes can be seen in Fig. 8 or in Fig. 4.

5.2. The decoding algorithm

In order to build the schedule represented by a chromosome,
the decoding algorithm iterates over the chromosome genes (see
Algorithm 1).

For a gate p — s(q;, ;) in the position k in chy (chi(k)), whose
gstates are in the qubits {n(qg;), n(q;)}, the call to SelectSwaps
calculates the swap gates determined by the value contained in
chy(k) to move the gstates towards the pair of adjacent qubits
{d(qi), d(q;)}, where the gate will be scheduled. Details of the
SelectSwaps procedure are described in the following.

Applied Soft Computing 144 (2023) 110456

Require: A chromosome (sg;_1, chy, chy)
Ensure: Solution graph sg, for subproblem defined by rounds 1, ..., r
Sgr < S&r—1;
for k = 1 to |chy| do
[[ chi(k) = p-s(qi, gj)
|| chy(k) = X-value (swap insertion strategy)
/| gi and g; are in the qubits n(q;) and n(q;))
Swaps < SelectSwaps(sg,, chy(k), chy(k));
for each sw € Swaps do
Insert swap gate sw in sg,;
end for
/| gi and g; are in adjacent qubits d(q;) and d(q;))
Insert gate p-s(q;, g;) on qubits (d(q;), d(g;)) in sg;;
end for
Insert one mix gate on all qubits that hold a gstate;
return Solution graph sg;;

Algorithm 1: Decoding algorithm.

Given the inputs p — s(q;, ;) = chy(k) and X = chy(k), a set of
swap gates are introduced to move concurrently g; towards g; and
q; towards ¢g; though one of the shortest paths on QM between
n(q;) and n(q;). Two swap insertion strategies are proposed in this
work:

1. If X € [0.0, 1.0) strategy MP (Meeting Point) is consid-
ered. Let dist; be the distance between n(q;) and n(q;)
through a shortest path; clearly, there exist exactly dist;
possible ways the gstates g; and g; can become adjacent
along such path, each corresponding to a different swap
insertion strategy. Fig. 7 shows the swap insertions that
would be produced by X-values in different subintervals for
an example with dist; = 9. In the figure, the available swap
insertion strategies are numbered from 1 to dist;. Hence,
as X € [0.0, 1.0), the related swap insertion strategy is
z = floor(X -dist;;)-+1, which corresponds to making dist;; —z
moves from n(q;) towards n(q;), and z— 1 moves from n(q;)
towards n(q;).

2. On the other hand, if X = —1 strategy EST (Earliest Starting
Time) is used, in which the swap insertion consists in
moves through a shortest path depending on the earliest
insertion time of the swap gate. This means that, each time
a swap is inserted, in order to decide between the two
possible moves (i.e. to move n(q;) towards n(q;) or move
n(q;) towards n(q;)) it is chosen the swap gate that can start
in an earlier time in the current partial schedule. Notice
that, since the destination qubits d(q;) and d(g;) are in a
shortest path between the original qubits n(q;) and n(qg;),
the swap gates may be inserted independently from n(q;)
and n(q;).

Both swap-insertion strategies MP and EST have to select
which shortest path to use, in case there are more than one.
The following procedure is applied: every time a swap gate is
inserted, if there are several possible shortest paths for reaching
the destination, it is chosen the swap with the earliest ending
time of all the possibilities at that point in time (i.e. only looking
at the current swap insertion). Another possibility would be to
take into account the complete path, but that would be much
more computationally expensive, particularly if there are many
possible shortest paths.

Looking at the quantum hardware in Fig. 3(b) (left) and the
MaxCut problem instance in Fig. 3(a), one feasible chromosome
is the one shown in Fig. 4. From this chromosome, the decoding
algorithm will produce the solution represented in Figs. 3(b)
(right), 5(a) and 5(b). In this example, the X— values in the first
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three positions in ch, are irrelevant as the qubits of the first three
p-s gates in ch; are already in adjacent positions.

In the following it is described the procedure depending on
the value of the last component of ch;:

o If the X-value is in the range [0.0, 0.5) (as is in the depicted
example, which is X = 0.43), then strategy MP is applied
and the decoding algorithm inserts a swap gate in order
to move n, towards ns;. There are two possible shortest
paths: through n; or through ny. In order to select one, the
resulting end time after each insertion is checked; in this
case there is a tie (both would end at time 12) so any of
them can be chosen. Ties are broken by selecting the higher
number (n4 in the example). Therefore, the swap gate is
inserted between n, and n4, obtaining the depicted solution
of Fig. 5(b) with makespan 16.

e If the X-value is in the range [0.5, 1.0) strategy MP is also
applied, but in this case the decoding algorithm would move
ns towards n,. There are, again, two possible shortest paths.
However in this case the swap gate between n3 and n;
would end at time 12, but the swap gate between 13 and 14
would end at time 8, so this last one is chosen and inserted
obtaining a solution with makespan 15, i.e. better than the
one of Fig. 5(b) (notice that in this case the p — s(q3, g3) gate
would have a duration of 4, unlike that of Fig. 5(b)). The
resulting solution is represented in Fig. 6.

e If the X-value is —1, then strategy EST is applied. All the pos-
sible swap gates on a shortest path between n; and n, are
checked, and that with the lowest starting time is selected.
Hence, the swap gate between n3 and n4 is inserted, as it
can start at time 6, whereas the other possibilities start at
time 10, obtaining again a solution with makespan 15 (see
Fig. 6).

5.3. General structure of DBGA-X

The proposed Decomposition-Based Genetic Algorithm,
termed DBGA-X, uses a similar structure than that presented
in [3]. Its flow chart is depicted in Fig. 9. It is assumed that gstate
g; starts in qubit n; fori = 1, ..., N. Initial solution graphs SGoy of
the solutions of fictitious round O are trivial graphs ginir — Zend-
Then the method iterates on the number of compilation passes
r = 1,...,p, calling a genetic algorithm in each iteration r in
order to extend to round r the solutions of round r — 1. The output
of DBGA-X is the best solution returned by the genetic algorithm
run in round p.

The genetic algorithm called in each iteration r of DBGA-X
starts from a set of popSize solution graphs SG,_; for subproblem
1,...,r — 1. Firstly popSize chromosomes (sg;_1, chy, chy) are
built, one for each sg._; in SG,_1. In those chromosomes ch; is
a random permutation of the p — s gates of round r, whereas
ch, is created in the following way: for each particular gene it is
randomly decided between strategy MP (i.e. a random float value
in [0.0, 1.0)) or strategy EST (—1), depending on a parameter
probStrategyMP that controls the probability of selecting strategy
MP. In Section 6.2 the influence of this parameter in the overall
results is analyzed.

The initial population of chromosomes is evaluated, and then
the genetic algorithm iterates until a stop condition is met.
In each generation, all chromosomes are shuffled in random
pairs, which are then applied the crossover and mutation op-
erators with probabilities P, and P, respectively. The proposed
method for recombination is the extension of the partial mapping
crossover (PMX) introduced in [3] and illustrated in Fig. 8. The
procedure used in the mutation operator is as follows: each
position of the ch, part of each offspring chromosome is modified
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by choosing between strategy MP or EST depending on parameter
probStrategyMP, and then if strategy MP is selected a random
number in the range [0.0, 1.0) is generated.

Then the new solutions are evaluated, and popSize chromo-
somes are selected for the following generation by taking the
best two chromosomes from each pair of parents with their
corresponding two offspring.

The termination condition is a maximum number of consec-
utive generations without improving the best solution found so
far. When it is met, the genetic algorithm returns a set of popSize
solution graphs SG,. These solution graphs represent a solution to
the full problem if r = p, or will be the input for the next iteration
of DBGA-X if r < p.

In [3] the interested reader can find further details on the
algorithm.

6. Experimental study

The experimental study is organized as follows. Section 6.1
describes the benchmark set. Then Section 6.2 gives the run-
ning parameters of DBGA-X, analyzes the influence of parameter
probStrategyMP and confirms the efficiency of the decomposition
approach considering different instance sizes and number of com-
pilation passes. A comparison with state-of-the-art methods is
performed in Section 6.3.

6.1. Benchmark set

The reference benchmark [5] is publicly available in the web?.
It has instances that consider quantum chips of different number
of qubits (N = {4, 8, 21, 40}), utilization levels (u = {90%, 100%})
and number of compilation passes (p = {1, 2}). The utilization
level refers to the maximum percentage of gstates of the quan-
tum chip that are used in the instance. For each combination of
{N, p, u} the reference benchmark has 50 instances, each repre-
senting a graph to be partitioned by the MaxCut process. This
work focuses on instances with u = 100% and p = 2, for being
the most difficult from the reference benchmark.

Recently, larger hardware architectures have been developed,
and so this work proposes new instances of size N = 72 and
N = 127 (see Fig. 1) using the same methodology as that
introduced in [5]. Also, the instances of the reference benchmark
were extended to perform up to p = 5 compilation passes.

6.2. Analysis of DBGA

DBGA-X is implemented in C++ and run in a Intel Core i5-7400
CPU at 3.00 GHz with 16 GB RAM. The algorithm runs 10 times in
each experiment in order to obtain statistically significant results.

A preliminary parameter analysis was performed, finding that
a reasonable configuration for DBGA-X is the following: popula-
tion size of 1000 chromosomes, crossover rate P, = 100% and
mutation rate P, = 0.05% for each position of the chromosome.
Stop condition for each compilation pass is set to 200 consecutive
generations with no improvement of the best solution. In this way
similar or lower computation times than previous methods of the
literature are obtained (see Section 6.3).

Some experiments are performed in order to test the pro-
posed swap insertion strategies on instances of several sizes,
considering both 2 and 5 compilation passes. In particular five
values for the parameter probStrategyMP are tested: 0%, 25%, 50%,
75% and 100%, in order to assess the best combination of both
strategies, or if one strategy is strictly better than the other.

2 https://ti.arc.nasa.gov/m/groups/asr/planning-and-scheduling/
VentCirComp17_data.zip
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Fig. 6. Another solution for the MaxCut instance shown in Fig. 3(a), represented by a quantum circuit (a), the related solution graph (b) and its Gantt chart (c). This
solution would be obtained if the fourth position of ch, of the chromosome of Fig. 4 is either —1 or in the range [0.5, 1.0).
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Fig. 7. Illustration of the strategy MP for inserting swaps. In this example the
distance dist;; between the gstates is equal to 9. The picture enumerates all the
possible dist; swap insertion strategies through which the two gstates can be
made adjacent along that shortest path.

The results show that probStrategyMP = 100% obtains the worst
performance. Then, probStrategyMP = 0% and probStrategyMP =
75% are both significantly better than probStrategyMP = 100%,
but the differences between 0% and 75% are not statistically
significant. Finally, the best configurations are probStrategyMP

chy  [ps(a1.93) [ps(as.a7) [ Ps(ds.az) | Ps(as.de) [ Ps(aza3) | ps(as.ds) |
Parent 1

chy [0 [ 4 [ o3 [ - [ 092 [ 08 |

chy  [Ps(az93) [ Ps(dsaz) [ Ps(ar.da) [ Ps(as.ds) | Ps(aa.ce) [PS(as,2) |
Parent 2

chy [o21 [ os7 [ o4 [ o076 [ 4 [ oss |

chy  [ps(91,93) [ Ps(dsar) [Ps(asaz) [ psas.ds) [ps(az.s) | ps(dags) |
Offspring 1

chy [ oaa | 4 [ o35 [ o7 [ 0s2 [ 1 |

chy  [ps(az3) [ps(as97) [ Ps(an,as) [ ps(asds) [ Ps(asds) [Pslas,as) |
Offspring 2

chy [ o021 [ o3 [ o3 [ 4 [ 08 [ o063 |

Fig. 8. Crossover operator: in the first offspring, a random selection of p — s
gates with their associated X-values is chosen from the first parent and placed
in the same positions. Remaining positions are filled with the rest of p —s
gates, preserving the relative order they have in the second parent, and using
its X-values. In order to create the second offspring the role of the parents is
reversed.

= 25% and probStrategyMP = 50%, which are both statistically
better than all others, but the differences between 25% and 50%
themselves are not statistically significant. In summary, prob-
StrategyMP = 50% is selected as the best option, as it is slightly
better than 25% (although the differences are not statistically
significant) and significantly better than 0%, 75% and 100%. For
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Fig. 9. Flow chart of DBGA-X.

reference, the p-values of a Wilcoxon signed rank test are the
following: 0.0008646 vs. 0%, 0.4164 vs. 25%, 0.005459 vs. 75% and
0.00000001852 vs. 100%.

The efficiency of the decomposition approach was proven
in [3], but this work extends that study to include larger instances
and additional compilation rounds, in order to see its scalability.
To this end, two variants of DBGA-X are run on a subset of the
instances, in particular the first 10 instances of each subset with
u = 100%, considering p = {2,5} and N = {8, 21, 40, 72, 127}.
The first variant does not decompose the problem in p rounds,
but solves it all at once, while in the second variant the problem
decomposition is used. The results of the comparison are reported
in Table 1, showing the average makespan in 10 runs, the stan-
dard deviation, and the average computational time taken in a
single run.

At a first glance it can be seen that the decomposition scheme
obtains better makespan (values in bold indicate the lowest aver-
age in each instance), with usually lower standard deviation and
lower computation times. In fact, it performs better and better
as the problem difficulty increases, either by considering larger
chip sizes or by increasing the number of compilation passes. For
N = 8 the differences are very small, in fact in many cases the
version without decomposition produces slightly better results.
But when the problem difficulty increases there are makespan
reductions: 3.3% average makespan reduction when considering
N = 21 instances with p = 2 passes, and as much as 43.6%
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average reduction in the most difficult instances, i.e. those with
N = 127 and p = 5 passes. Not only the decomposition scheme
produces better results, but it also takes smaller computational
time. This is because when solving all the problem at once it takes
much longer to decode a chromosome, as all gates from all rounds
have to be scheduled each time. Therefore it can be concluded
that the large complexity of the problem makes it very difficult
to solve and so its decomposition into smaller pieces, as already
suggested in [3], is well motivated.

Interestingly, the makespan does not increase proportionally
to the number of compilation passes, as it can be seen that
makespans considering p = 5 are less than 250% higher than
those with p = 2, as intuitively should be. It seems that the
reduction is larger and larger as the instance size increases: in
N = 8 instances the makespan increases by only 238% when
performing p = 5 (with respect to p = 2), whereas in N = 127
instances the makespan increases by 183%. It can be concluded
that DBGA-X is able to concurrently execute gates from different
compilation passes in different parts of the quantum chip, and
this leads to solutions with lower makespan, particularly in the
largest quantum chips.

Fig. 10 shows two executions of DBGA-X with and without
decomposing the problem in rounds, and two executions of the
original DBGA proposed in [3] with and without decomposing
the problem in rounds. The experiments were performed using
the same computational time, for the instance no. 1 of the subset
characterized by N = 72, u = 100% and p = 5. In Figs. 10(a) and
10(c) four large jumps in the average and best makespan can be
noticed, which are caused by the algorithms switching from one
round to the next. On the other hand, in Figs. 10(b) and 10(d)
the full problem is solved at once and it can be observed that
the algorithms are able to perform a lower number of genera-
tions in the same time, and also that the resulting makespan is
considerably worse. Although the convergence patterns obtained
by DBGA are comparable to those of DBGA-X, it can be seen that
much worse makespan values are reached, even if the number
of generations is higher. The more chaotic average values in the
original DBGA are due to the diversification step performed in
that method, which is not present in the new DBGA-X.

The new instances of size N = 72 and N = 127 and the
full results and best schedules found by DBGA-X for all instances
considered are publicly available on the web, in order to promote
future research and comparisons with this proposal®.

6.3. Comparison to the state of the art

The previous best state-of-the-art method is the ant colony
optimization algorithm (QCC-ACO) presented in [12]. The authors
reported generally better results (particularly in the larger N =
40 instances) than those of the decomposition-based genetic al-
gorithm (DBGA) described in [3], which in turn obtained generally
better results than those of the rollout heuristic (RH) presented
in [11], which are mostly better than those obtained by the
genetic algorithm (GA) described in [10].

QCC-ACO [12] was implemented in Java and run on an Intel
Xeon E312 machine with 16 GB RAM. Its running time was
limited to 60 s for N = 8 instances and to 300 s for the N = 21
and N = 40 instances. DBGA [3] was implemented in C++ and
run in a Intel Core i5-7400 CPU at 3.00 GHz with 16 GB RAM and
its average running time is about 5 s in N = 8 instances, 40 s
in N = 21 instances and 150 s in N = 40 instances. RH [11] was
implemented in Matlab and run on Intel i7 processor, 16 GB RAM
and Windows 7 operating system. For N = 8 the execution time
was limited to a maximum of 60 s, whereas for larger instances
the maximum was set to 300 s. GA [10] was implemented in Java
and given 60, 300 and 600 s for instances of size 8, 21 and 40
respectively.

3 Repository section in http://www.di.uniovi.es/iscop/
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Table 1
Results of DBGA-X compared with a version without problem decomposition, considering different instance sizes N = {8, 21, 40, 72, 127} and different number of
compilation passes p = {2, 5}.

Instance p=2 p=2 p=>5 p=5
DBGA-X (no decomposition) DBGA-X DBGA-X (no decomposition) DBGA-X
Average Std.dev. Time Average Std.dev. Time Average Std.dev. Time Average Std.dev. Time
N = 8 Instances

1 34.0 0.0 2.5 35.0 0.0 1.1 81.3 1.25 7.7 82.7 0.48 33
2 33.0 0.0 27 35.0 0.0 1.1 78.7 0.48 7.9 86.0 0.0 34
3 31.0 0.0 2.7 31.0 0.0 1.1 73.7 0.95 8.7 73.9 0.32 34
4 32.0 0.0 2.6 32.0 0.0 1.1 771 0.32 8.3 78.7 2.06 35
5 27.0 0.0 2.6 273 0.48 1.1 62.6 0.52 7.8 62.9 0.32 34
6 33.1 0.32 2.6 339 0.32 1.1 80.2 123 8.0 80.4 1.71 33
7 30.0 0.0 2.6 30.0 0.0 1.1 69.3 0.67 7.9 69.0 0.0 33
8 31.7 0.48 2.8 32.0 0.0 1.1 74.5 0.71 6.9 77.0 0.0 33
9 35.0 0.0 2.7 35.0 0.0 1.1 84.4 1.17 9.3 83.0 0.0 35
10 353 0.82 2.9 34.0 0.0 1.2 85.0 1.05 10.0 82.0 0.0 3.7
#best 9 5 7 3

N = 21 Instances
1 46.9 1.29 13.1 45.4 0.52 5.7 107.3 3.06 75.3 103.4 222 17.3
2 48.8 1.32 135 48.1 0.32 54 1208 3.71 835 112.7 1.83 17.2
3 43.1 2.28 12.6 41.5 1.18 6.0 94.0 34 66.6 88.0 3.46 18.6
4 44.2 0.92 133 43.7 0.82 6.2 103.3 291 53.8 95.9 223 17.3
5 515 2.8 15.3 47.5 1.65 6.1 1174 443 98.5 110.8 4.54 19.1
6 49.0 0.67 12.8 484 0.7 55 1139 5.53 88.0 108.0 1.76 17.0
7 52.2 1.32 134 54.3 0.67 5.1 119.9 331 85.2 118.7 3.59 16.5
8 48.1 1.79 12.9 45.7 0.67 6.2 103.3 3.02 70.2 100.5 2.84 18.0
9 52.8 1.14 13.6 48.5 1.84 6.0 119.1 5.17 95.9 111.1 3.78 18.6
10 535 1.96 15.1 50.6 0.7 6.6 1241 3.41 722 118.2 239 17.3
#best 1 9 0 10

N = 40 Instances
1 62.6 4.43 438 56.0 141 23.6 131.2 5.03 463.3 1243 3.71 74.2
2 71.7 5.48 46.8 62.4 143 26.4 146.5 6.87 532.9 132.6 4.14 80.9
3 67.5 4.67 54.4 59.7 1.64 26.7 1444 7.95 528.9 127.0 3.77 75.5
4 76.0 523 46.1 64.2 2.7 309 146.8 10.05 368.2 130.8 4,16 82.0
5 70.2 3.01 49.8 65.2 3.33 29.2 145.9 8.16 558.5 1333 5.14 76.2
6 78.4 4.14 48.4 64.9 2.13 30.5 157.9 8.77 492.2 136.5 3.75 86.0
7 78.7 6.58 48.0 63.9 2.77 26.7 158.5 5.87 567.9 132.7 3.74 82.7
8 67.6 3.1 48.7 59.0 1.05 28.2 143.8 9.74 442.6 126.3 3.95 724
9 68.7 4.37 47.9 58.3 2.06 26.8 143.8 8.13 391.2 124.8 2.15 75.7
10 79.4 3.81 47.3 67.4 3.72 27.7 170.8 30.81 510.7 139.2 529 81.2
#best 0 10 0 10

N = 72 Instances
1 92.8 5.59 168.6 72.8 3.01 112.6 2034 37.13 1487.3 137.2 3.61 336.1
2 96.4 5.62 195.6 76.0 7.72 119.1 257.5 26.37 1264.2 1433 4.83 336.1
3 96.2 7.94 160.5 734 2.12 1111 2415 421 1255.3 141.6 4.45 3415
4 88.9 7.82 171.1 74.1 6.12 115.6 176.8 25.73 1775.5 134.4 5.64 348.8
5 103.5 4.74 204.5 81.3 5.1 119.1 2711 31.76 1355.5 158.7 11.35 349.0
6 97.3 7.94 188.2 72.5 5.84 114.2 265.6 36.72 1039.8 150.7 4.35 351.7
7 96.1 5.11 187.4 75.4 3.72 120.2 219.8 55.07 1787.0 140.3 3.95 361.8
8 97.4 7.32 1771 76.1 5.63 114.4 208.7 34.25 1656.0 142.8 473 338.2
9 90.3 5.25 178.3 70.8 3.12 119.8 225.7 24.66 1276.0 1344 3.2 3339
10 87.3 6.6 161.9 69.6 3.75 97.9 200.4 31.86 1558.8 137.6 3.98 288.3
#best 0 10 0 10

N = 127 Instances
1 175.4 12.26 868.8 141.9 5.72 445.2 463.6 22.71 4709.9 259.1 19.33 1478.5
2 181.9 14.83 897.6 141.1 5.47 505.9 4225 34.78 5175.1 262.6 8.13 1688.3
3 191.0 12.71 844.5 159.8 6.97 439.3 527.5 74.28 4188.0 280.2 11.05 1541.1
4 183.5 12.03 849.7 148.2 7.44 471.7 451.6 33.2 4762.7 269.7 8.67 1549.7
5 189.5 14.17 861.0 149.0 6.72 471.2 502.6 69.84 4861.1 280.5 11.09 1657.0
6 175.1 7.02 860.8 146.4 11.03 422.8 490.7 64.58 47371 270.8 14.02 1580.6
7 186.2 10.75 865.1 147.9 4.93 474.2 465.3 40.69 4766.1 2654 12.83 1539.1
8 171.1 9.84 893.9 142.0 5.68 451.9 4819 89.27 5134.0 256.0 7.47 1603.5
9 186.7 10.03 875.2 147.7 7.26 451.9 492.8 43.12 4876.6 279.8 10.61 1548.1
10 193.3 13.53 861.5 145.8 3.22 480.3 479.2 313 4816.1 265.0 10.12 1597.0
#best 0 10 0 10

Values in bold indicate the lowest average result in each instance.

As it can be seen in Table 1 (p = 2 columns), computation Fig. 11 graphically shows a comparison of the newly proposed
times of DBGA-X are lower than those used by previous meth-
ods of the literature, although they are not directly comparable . .
to those of QCC-ACO, RH and GA due to differences in target percentage reduction in makespan of the average results (in 10

machine and programming language. runs) of each method with respect to the GA proposed in [10],

DBGA-X and these previous methods. In particular it is shown the

10
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Fig. 10. Two example convergence graphs of the proposed DBGA-X (in the lower half) with and without decomposition, compared to two convergence graphs of
the original DBGA proposed in [3] (in the upper half). Experiments were performed in instance no. 1 of the subset characterized by N = 72, u = 100% and p = 5.
x-axis represent generations and y-axis represent fitness values. Avg represents the evolution of the average fitness of the population, and Best represents the best

fitness of the population.

which is arguably the worst of the five methods (DBGA-X, QCC-
ACO, DBGA, RH, GA). The comparison in N = 8, N = 21 and
N = 40 instances is presented in Figs. 11(a), 11(b) and 11(c)
respectively.

DBGA-X seems superior to other methods in N = 21, where it
obtains a better average result in 41 of the 50 instances, with an
average makespan reduction of 14.95% with respect to GA. The
differences are even larger when considering N = 40 instances,
where it obtains a better average result in 49 of the 50 instances,
with an average makespan reduction of 30.95% with respect
to GA. In N 8 instances the differences between methods
are smaller, but results of DGBA-X are still better, obtaining an
average makespan reduction of 5.17% with respect to GA (versus
2.71% of QCC-ACO, 1.68% of DBGA and 2.21% of RH). Regarding
best results, DBGA-X established new best solutions for 12 out
of 50 of the N = 8 instances, for 34 out of 50 of the N = 21
instances, and for 47 out of 50 of the N = 40 instances.

Non-parametric statistical tests are performed in order to
validate the comparison. A Shapiro-Wilk test confirms the non-
normality of the data, and then paired Wilcoxon signed rank
tests are used to compare DBGA-X with the other methods, us-
ing 95% confidence level. The p- values obtained with respect
to GA are 0.00000003662 in N 8 instances, 3.864e—10 in
N = 21 instances and 3.883e—10 in N = 40 instances. The p-
values obtained with respect to RH are 0.000004752 in N = 8
instances, 4.13e—10 in N 21 instances and 3.889e—10 in
N = 40 instances. The p- values obtained with respect to DBGA
are 0.000000594 in N 8 instances, 3.887e—10 in N = 21
instances and 3.887e—10 in N = 40 instances. Finally, with
respect to QCC-ACO the p- values obtained are 0.00005814 in N =
8 instances, 0.00000007129 in N = 21 instances and 5.936e—10
in N = 40 instances. Hence, for all instance sizes, the differences

11

in the average result between DBGA-X and the previous methods
of the state of the art are statistically significant, although the
differences are smaller in the easier N = 8 instances.

As an example, Fig. 12 shows the Gantt chart of the best
schedules obtained by DBGA-X to the instance no. 22 of the subset
characterized by N 8, u 100% and p 2, considering
different number of compilation passes, p = 1, p = 2 and
p = 5. In particular, the schedule with p = 2 has a makespan
of 37, which is lower than the makespan reported by all previous
methods in the literature for the same instance. It can also be
observed how an increasing number of compilation passes creates
some efficiencies that can improve the overall result, and so the
makespan with p = 5 is less than 5 times that of p = 1, and it
is also less than 2.5 times that of p = 2. In general, this is due to
the fact that the previous compilation passes do perform a sort
of re-adjustment of the state that favors the depth optimization
for the subsequent passes. This does not occur on the first pass,
as in the QCCP problem version the initial state is fixed.

7. Conclusions and future work

An effective genetic algorithm for the Quantum Circuit Compi-
lation Problem (QCCP) was designed based on the Decomposition-
Based Genetic Algorithm (DBGA) proposed in [3]. In particular,
a new coding/decoding mechanism was devised that reduces
the search space by restricting the insertion of swap gates to
a shortest path between the incumbent qubits. Two strategies
for inserting swap gates are described, and the proper balance
between both was figured out.

In the experimental study the efficiency of the proposal,
termed DBGA-X, is proven by showing how the decomposition
approach gives increasing benefits as the chip size and number
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Fig. 11. Comparison of DBGA-X with previous state of the art methods RH [11], DBGA [3] and QCC-ACO [12]: percentage improvement in makespan with respect
to GA [10] in all 50 instances of each of the (a) N = 8, (b) N = 21 and (c¢) N = 40 benchmarks.

of compilation passes increase. The proposal improves the per-
formance of previous state-of-the-art methods in most instances
of the reference benchmark introduced in [5], which is the most
commonly used in the literature. Larger benchmark instances
with N = 72 and N = 127 qubits and p = 5 compilation passes
are also studied, which are not considered in previous studies but
they are certainly more interesting in real environments.

The remarkable performance of DBGA-X compared with previ-
ous methods can be attributed to the extreme complexity of the
QCCP problem, which motivates reducing the search space to a
set of efficient solutions, even if the method may lose the ability
to reach the optimal one.

There are many possible avenues for future research. The
application of QAOA to other problems, as for example the Graph
Coloring Problem [17] or the Minimum Vertex Cover Problem
[27], is a subject of further study.

The MaxCut problem can also be tackled more thoroughly
and consider the extensions described in [10,18,28,29]. One is
the QCCP-I (variable initialization of gstates) which considers the
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initial location of gstates in the quantum hardware as additional
decision variables. Another extension is the QCCP-X (crosstalk
constraints), that prohibits executing at the same time two gates
on neighboring qubits, in order to avoid possible interferences
between qubits.

Multiobjective optimization is an interesting topic, because
there are other measures that are interesting to minimize, besides
the makespan. As an example, in [30] the authors minimize both
the number of gates and the compilation time. In fact, in [31] it
is suggested that the minimization of the number of swap gates
and the circuit’s depth might be mutually conflicting objectives,
therefore motivating a multiobjective approach. Another example
can be found in [32], where the authors consider the gate error
rates in order to maximize the circuit’s fidelity, while minimizing
the number of gates.

Finally, new hardware architectures and other emerging tech-
nologies are being developed, as for example the recent IBM
Osprey with 433 qubits, and so adapting the solving methods to
exploit them is an important line of future work.
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Fig. 12. Gantt representation of the best solutions to the instance no. 22 of the subset characterized by N = 8, u = 100% and p = 2, considering different number
of compilation passes: (a) p =1, (b) p =2, (c) p = 5. In the case with p =5 in order to improve visibility the Gantt is divided in two parts: from time 0 to 46, and

from time 46 to 89.
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