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We introduce Quafu-Qcover, an open-source cloud-based software package developed for solving combinatorial op-
timization problems using quantum simulators and hardware backends. Quafu-Qcover provides a standardized and com-
prehensive workflow that utilizes the quantum approximate optimization algorithm (QAOA). It facilitates the automatic
conversion of the original problem into a quadratic unconstrained binary optimization (QUBO) model and its correspond-
ing Ising model, which can be subsequently transformed into a weight graph. The core of Qcover relies on a graph
decomposition-based classical algorithm, which efficiently derives the optimal parameters for the shallow QAOA circuit.
Quafu-Qcover incorporates a dedicated compiler capable of translating QAOA circuits into physical quantum circuits that
can be executed on Quafu cloud quantum computers. Compared to a general-purpose compiler, our compiler demonstrates
the ability to generate shorter circuit depths, while also exhibiting superior speed performance. Additionally, the Qcover
compiler has the capability to dynamically create a library of qubits coupling substructures in real-time, utilizing the most
recent calibration data from the superconducting quantum devices. This ensures that computational tasks can be assigned
to connected physical qubits with the highest fidelity. The Quafu-Qcover allows us to retrieve quantum computing sam-
pling results using a task ID at any time, enabling asynchronous processing. Moreover, it incorporates modules for results
preprocessing and visualization, facilitating an intuitive display of solutions for combinatorial optimization problems. We
hope that Quafu-Qcover can serve as an instructive illustration for how to explore application problems on the Quafu cloud
quantum computers.

Keywords: quantum cloud platform, combinatorial optimization problems, quantum software

PACS: 03.67.Lx, 03.67.Ac, 42.50.Dv DOI: 10.1088/1674-1056/ad18ab

1. Introduction
Quantum computing represents a novel computing

paradigm aimed at utilizing the principles of superposition and
entanglement in quantum systems to accelerate computation.
The fundamental unit for information processing in quantum
computing is quantum bit, abbreviated as qubit. Different from
classical bits, which can only exist in either the state 0 or
1, qubits can exist in a superposition of both states |0⟩ and
|1⟩, enabling exponential representation capability of the state
space. In order to achieve quantum computing, it is necessary
to develop corresponding quantum algorithms. The key aspect
of quantum algorithms lies in extracting the desired solution

from the exponential state space through the design of suitable
quantum operations on qubits. There are several quantum al-
gorithms that have already been theoretically proven to have
the ability to surpass their classical counterparts on certain is-
sues, such as Shor, Grover, and HHL algorithms.[1,2] The Shor
algorithm, for example, can factor a large integer in polyno-
mial time, whereas the classical algorithm requires exponen-
tial time.[3,4] Similarly, the Grover algorithm can search for a
specific item in an unsorted database with only O(

√
N) time

complexity, which represents quadratic acceleration compared
to the existing classical algorithm.[5] Furthermore, the HHL
algorithm can solve some specific linear equation problems in
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polynomial time, whereas classical computers require expo-
nential time to solve the same problems.[6]

In the past decade, with the rapid development of
quantum technologies, various physical platforms have been
constructed to demonstrate quantum computing tasks.[7–21]

Among these platforms, the superconducting quantum plat-
form has garnered significant attention due to its scalability
and high fidelity of gate operations. In 2019, Google utilized
its 53-qubit superconducting quantum processor “Sycamore”
for the first time to achieve quantum supremacy in solving the
random circuit sampling problem.[13] The record was updated
in 2021 by the Pan group at USTC with a 66-qubit supercon-
ducting quantum processor named “Zuchongzhi II” to address
the same problem.[14]

However, at present, all quantum computers lack fault-
tolerance. To achieve fault-tolerant quantum computing, it
would be necessary to have millions of physical qubits with
high gate operation fidelity, which far exceeds current techno-
logical capabilities. Consequently, for the foreseeable future,
we will be and remain in the era of “noisy intermediate scale
quantum” (NISQ) for a long time. During the NISQ stage,
quantum processors typically consist of tens to hundreds of
physical qubits, yet they will be susceptible to noise and lack
efficient error correction implementations.[22] Due to the lim-
itations in qubits quality and gate operations, the depth of ex-
ecutable quantum circuits will be severely restricted. As a re-
sult, only shallow quantum circuits can be executed efficiently.
The most urgent and challenging task during the NISQ era is
to illustrate the quantum advantages in application scenarios.

There are some fields, such as molecular simulation, ma-
terial design, and combinatorial optimization, that are con-
sidered suitable for exploration in the NISQ era.[23] Among
these, combinatorial optimization has attracted a lot of at-
tention and research due to its involvement in various indus-
trial production scenarios, including logistics, finance, and
telecommunications. Combinatorial optimization problems,
known for being NP-hard, lack classical algorithms with poly-
nomial complexity as the problem scale increases. Quantum
algorithms are expected to outperform classical algorithms in
finding optimal solutions. In 2014, Farhi et al introduced
the quantum approximation optimization algorithm (QAOA)
for solving combinatorial optimization problems.[24] QAOA
is a variational algorithm, making it well-suited for imple-
mentation on NISQ processors. Its fundamental concept in-
volves transforming optimization problems into the search
for ground state solutions of the Ising Hamiltonian, which
can be achieved using the variational method. To date, var-
ious variants of QAOA have been proposed, including re-
cursive QAOA,[25] warm-start QAOA,[26] and reinforcement
learning-assisted QAOA,[27] among others. While QAOA
does have certain limitations,[28–31] QAOA-related algorithms

have shown the potential to surpass classical algorithms in spe-
cific instances.[25,32,33]

In recent years, there has been rapid evolution in
superconducting-based quantum computing cloud platforms,
exemplified by IBM Quantum. To date, IBM Quantum has
launched more than 20 quantum processors on the cloud, rang-
ing from 5 qubits to a maximum of 127 qubits.[34–38] The
cloud-based quantum computing service allows users to re-
motely access quantum computers and execute quantum pro-
grams, making quantum resources accessible to a broader au-
dience. The IBM Quantum alone has already served millions
of registered users, and billions of quantum circuit tasks have
been executed by the quantum cloud platform. As more and
more people use and explore quantum computing in the cloud,
there is a significant need to present guiding examples of full-
stack application software to users. On the one hand, it helps
beginners explore quantum computing in specific application
fields without a professional background in quantum comput-
ing. On the other hand, it provides potential high-level quan-
tum developers with a reference example to develop their own
cloud-based quantum software.

Therefore, in this work, we present Quafu-Qcover, an
open-source quantum software designed to assist users in ex-
ploring combinatorial optimization problems using the QAOA
algorithm. Quafu-Qcover enables direct access to quan-
tum computers through the Quafu quantum computing cloud
platform.[39] The fundamental workflow of Quafu-Qcover
comprises four main stages. Firstly, combinatorial optimiza-
tion problems can be effectively represented as a quadratic un-
constrained binary optimization (QUBO) model, which can
be equivalently transformed into the Ising Hamiltonian form
through appropriate variable transformations. Secondly, the
QAOA circuit is constructed based on the Ising Hamiltonian
with unspecified parameters. The optimal parameters are
found using the graph decomposition method, where each sub-
graph corresponds one-to-one with smaller QAOA circuits
that can be executed on quantum hardware or simulators.[40]

Thirdly, the QAOA circuit is compiled into an executable
quantum circuit on the Quafu quantum computers through an
efficient compiler. It should be noted that the determination of
optimal parameters and circuit compilation can be realized in
parallel. Finally, the compiled circuit is sent to Quafu quantum
computers to execute sampling, while enabling users to moni-
tor the task status at any time using the task ID. Upon comple-
tion of the sampling task, Quafu-Qcover returns the problem
results in a visualization format along with the bit strings of
the QUBO model.

It should be emphasized that to execute quantum algo-
rithms on practical quantum computers, the quantum pro-
grams have to be converted into hardware-executable quan-
tum gate sequences or pulse sequences through a quantum
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compiler. Quantum compilation is the crucial link that con-
nects quantum programs and quantum hardware. In the current
NISQ era, the primary objective of quantum compilation is to
optimize quantum circuits by reducing the circuit depth and
the number of two-qubit gates, while considering the topology
and features of the underlying hardware structure. Although
it has been demonstrated that finding the optimal quantum cir-
cuit is typically an NP-hard problem,[41–43] in practice, our fo-
cus is on searching for sub-optimal quantum circuits within a
feasible timeframe. For certain circuits with special structures,
such as the QAOA circuit, particular compilation strategies
can outperform general-purpose compilers.[44–48] Inspired by
previous works and taking into consideration the topology and
characteristics of the Quafu quantum processor, we develop a
dedicated compiler for Quafu-Qcover. This compiler demon-
strates superior performance in contrast to general-purpose
compilers such as Qiskit.

The remaining part of this paper is organized as follows.
In Section 2, a comprehensive overview of the fundamental
background of the QUBO model and the QAOA is provided.
In Section 3, the Quafu-Qcover software framework is intro-
duced and the detailed functionalities of each module are dis-
cussed. Following that, Section 4 demonstrates the practical
application of Quafu-Qcover by presenting a specific combi-
natorial optimization problem and outlining the step-by-step
process. Lastly, Section 5 offers a comprehensive summary of
the entire paper and engages in a discussion concerning poten-
tial avenues for future research.

2. QUBO and QAOA basics
Combinatorial optimization problems play a significant

role in various applications,[49] including maximum indepen-
dent set (MIS) problems, maximum cut (MaxCut) problems,
graph coloring problems, task allocation problems, and oth-
ers. These diverse combinatorial optimization problems can
be effectively modeled using a universal framework known as
the QUBO form. The QUBO model has gained significant
attention in the field of quantum annealing and is a key com-
ponent in experiments conducted with quantum annealers de-
veloped by D-Wave Systems.[49,50] Additionally, it serves as
the foundational framework for the QAOA, which operates on
gate-based quantum computers. The objective function of the
QUBO model can be expressed as follows:

f (x) = ∑
i, j

Qi jxix j = xTQx, xi ∈ {0,1}, (1)

where x ∈ {0,1}n represents a binary variable vector, and
Q ∈ Rn×n denotes a real square matrix. In combinatorial opti-
mization problems, the goal is to optimize the objective func-
tion and identify the binary vector x* that minimizes f (x).

That is

x* = min
x∈{0,1}n

f (x). (2)

By defining si = 2xi − 1, the QUBO model is inherently con-
nected to the classical Ising model

H = ∑
i, j

Ji jsis j +∑
i

hisi, si ∈ {−1,+1}. (3)

The problem of finding the optimal solution x* in Eq. (2)
is equivalent to determining the ground state of the Ising
model, which means identifying the configuration of binary la-
bels {−1,+1} that minimizes the energy of the classical spin
Hamiltonian.

Based on the above observations, it is natural to establish
a mapping between combinatorial optimization problems and
the quantum Ising model. The quantum Ising Hamiltonian is
represented as follows:

HC = ∑
i, j

Ji jZiZ j +∑
i

hiZi, (4)

where Zi represents Pauli-Z operators with eigenvalues zi =

±1, Ji j denotes the interactions between two spins, and hi rep-
resents the biases associated with each individual spin. In
the computational basis, the vectors |z⟩ are represented by
z ≡ z1z2 · · ·zn, and the Hamiltonian HC is diagonal. Conse-
quently, the objective function is defined as C(z) = ⟨z|HC|z⟩.
The optimal solution to the combinatorial optimization prob-
lem requires identifying the bitstrings z that minimize or max-
imize the value of C(z). However, the vast majority of opti-
mization problems are recognized as NP-hard, implying that
finding the optimal solution becomes considerably more chal-
lenging with an increase in problem size. Therefore, obtaining
the exact optimal solution for such problems becomes almost
impractical.

To address this challenge, Farhi and others proposed
QAOA,[24] which is a variational quantum algorithm suitable
for current NISQ processors. The QAOA typically introduces
the following mixer Hamiltonian:

HB =
N

∑
i=1

Xi, (5)

where Xi are the Pauli-X operators. The QAOA aims to pro-
vide sub-optimal solutions for the objective Hamiltonian HC

by iteratively applying the objective Hamiltonian HC and the
mixer Hamiltonian HB with optimized parameters. The initial
state of the QAOA circuit is commonly prepared as a uniform
superposition state of all n qubits. This state can be repre-
sented as follows:

|S⟩= |+⟩⊗n =
1√
2n ∑

z
|z⟩, (6)
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which is the eigenstate of HB. Subsequently, the unitary op-
erators UC(γ) = e−iγHC and UB(β ) = e−iβHB are applied se-
quentially to the initial state in an alternating manner, resulting
in the generation of a variational state denoted as

|𝛾,𝛽⟩=UB(βp)UC(γp) · · ·UB(β1)UC(γ1)|+⟩⊗n. (7)

This variational state is parameterized by 2p real variational
parameters γi and βi (i = 1,2, . . . , p), which control the an-
gles of rotation associated with the objective Hamiltonian HC

and the mixer Hamiltonian HB, respectively. The expectation
value of the objective Hamiltonian HC in this variational state
is given by

Ep(𝛾,𝛽) = ⟨𝛾,𝛽|HC|𝛾,𝛽⟩. (8)

To initialize the parameters 𝛾 and 𝛽, we can use either some
random guesses or employ warm starting methods.[26,33] The
latter provides strategies for initializing the parameters in a
way that improves the convergence and performance of the

QAOA algorithm. Next, classical optimizers are used to find
the optimal parameters {𝛾opt,𝛽opt} that minimize or maximize
Ep. Based on the optimized parameters and Eq. (7), the cor-
responding quantum circuit can be prepared to obtain the best
approximation solution state |𝛾opt,𝛽opt⟩ using a quantum com-
puter. By measuring in the computational basis, a bitstring z
is obtained, and the value of C(z) is evaluated. Repeating the
measurements with the same optimized quantum circuit, the
bitstring z* that maximizes or minimizes C(z) corresponds to
an approximate optimal solution for the combinatorial opti-
mization problem.

3. Software architecture
We now introduce the software architecture of Quafu-

Qcover. The Quafu-Qcover is primarily composed of the fol-
lowing modules: user layer, core module, compiler module,
quantum simulator backends, quantum hardware backends,
and results preprocessing module, as shown in Fig. 1.
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Fig. 1. The Quafu-Qcover software framework. At the user level module, users are required to input the combinatorial optimization problem
to be solved and provide parameters such as the API token of Quafu. The Qcover core module is an essential component that utilizes the
graph decomposition algorithm to determine optimal parameters for the QAOA circuit. The Qcover compiler module is used to compile the
QAOA circuit into a physical quantum circuit that can be executed on Quafu hardware. The simulator backends consists of various open-source
quantum programming packages. The quantum hardware encompasses the superconducting quantum chips currently accessible on the Quafu
quantum computing cloud platform. The results module processes the sampling results obtained from Quafu and presents them to the users in
a visual format.

3.1. User layer

The user layer serves as the interaction module between
the users and the software. For a given combination optimiza-
tion problem, we first need to model it in a QUBO form, and

then transform the QUBO into the corresponding Ising Hamil-

tonian form. The Ising form itself cannot be directly pro-

cessed, so it must be mapped to a weight graph G(V,E) as

the input for the next layer. The spins Zi in the Ising Hamil-
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tonian correspond to the vertices Vi in graph G, with hi be-
ing the weights of the vertices. The ZiZ j terms correspond to
the edges Ei j in G, with Ji j representing the weights of the
edges. As for users, they only need to know how to model op-
timization problems in QUBO form. All necessary quantum
components are already integrated into the software, allowing
users to utilize them without needing a background in quantum
theory. In addition, the Qcover.applications module of Quafu-
Qcover contains pre-written examples of typical optimization
problems that can be transformed into corresponding weighted
graphs for computational purposes. To access quantum com-
puters in the Quafu cloud, users need to provide their own API
token, which can be easily obtained on the Quafu website.[39]

3.2. Core module

The core module of Quafu-Qcover focuses on finding the
optimal parameters for the QAOA circuit using a graph de-
composition algorithm. The fundamental idea involves using
graph decomposition and graph-to-circuit mapping methods
to divide a large-scale QAOA instance into multiple smaller
independent instances, which can be processed in parallel us-
ing quantum simulators or hardware.[40] For most optimiza-
tion problems, our algorithm exhibits a linear scaling of the
running time with respect to the number of qubits. Most
of the widely-used quantum simulators are compatible with
Quafu-Qcover. We have integrated several popular simula-
tor software packages as our backends, including Pyquafu,[39]

Qiskit,[51] ProjectQ,[52] Qulacs,[53] t|ket⟩,[54] and Quimb.[55]

Additionally, we have also developed our own simulator called
Qton,[56] which is also included in the software suite.

Quafu-Qcover provides several classic optimizers for up-
dating parameters in QAOA circuits. These optimizers consist
of gradient descent-based algorithms and other optimization
algorithms such as COBYLA, L-BFGS-B, SHGO, SLSQP,
and SPSA. Furthermore, some heuristic algorithms suitable
for multi-layer QAOA circuits are also included, for example,
Fourier and Interp algorithms.[57]

The core module follows a basic workflow as outlined
below. Initially, the input weight graph 𝒢 is decomposed
into a series of small weighted subgraphs 𝒢1,𝒢2, . . . ,𝒢k using
the graph decomposition algorithm. Subsequently, each small
weighted subgraph 𝒢i is mapped to a corresponding QAOA
subcircuit Ci based on the selected software backend frame-
work. The subcircuits Ci correspond to different Ising Hamil-
tonians HCi , each containing unique terms from HC without
any overlap. To evaluate these subcircuits, we use selected
simulator or hardware to calculate their expected values inde-
pendently and parallelly. Then, the expectation value Ep of HC

can be determined as

Ep(𝛾,𝛽) =
k

∑
i
⟨𝛾,𝛽|HCi |𝛾,𝛽⟩. (9)

Finally, a selected classical optimizer is used to optimize the
parameters. The iteration stops and the optimal parameters are
obtained when the expectation value reaches the desired accu-
racy or a predetermined threshold.

3.3. Compiler module

The introduction of the Qcover compiler marks another
critical component of the Quafu-Qcover framework. This spe-
cialized compiler is purpose-built for creating QAOA circuits,
enabling it to transform the weight graph of any given problem
into an executable QAOA circuit suitable for quantum proces-
sors. Subsequently, this executable circuit is sent to the quan-
tum hardware backend for computation. Next, we introduce
the Qcover compiler.

To obtain the variational wave function, the quantum cir-
cuits can be constructed by integrating the unitary evolution
operators UB(βi) and UC(γi). Given that the terms in HB are
composed of commuting single-qubit operators, UB(β ) is rep-
resented as the product of each term, as demonstrated below:

UB(γ) = e−iβHB = ∏
l

e−iβXl , (10)

where each operator e−iβXl corresponds to a single qubit
RX(2β ) rotation gate. Regarding UC(γ), because all terms
in HC are diagonal in the computational basis, they commute
with each other, leading to the expression of UC(γ) as

UC(γ) = e−iγHC = ∏
lm

e−iγJlmZlZm ∏
l

e−iγhlZl , (11)

where the individual operators e−iγJlmZlZm and e−iγhlZl corre-
spond to the two-qubits RZZ(2γJlm) gate and the single-qubit
RZ(2γhl) rotation gate, respectively.

As previously mentioned, when the Hamiltonian consists
only of Pauli-Z operators, the terms commute with each other.
This enables the unitary operator UC to be precisely expressed
in the form of the product in Eq. (11). However, when the
Hamiltonian includes arbitrary Pauli operators, we can use the
Trotter theorem to approximate the unitary operator UC.[58,59]

This paper focuses on the objective Hamiltonian consisting ex-
clusively of Pauli-Z operators, which applies to most combi-
natorial optimization problems.

The original QAOA circuit needs to be compiled into
a physical quantum circuit for execution on a real quantum
processor. Several compilation methods have been devel-
oped for QAOA circuits. In this study, we primarily focus
on a structured method introduced in Ref. [48]. This method
shows that when executing the full connection weight graph on
a one-dimensional quantum processor with nearest-neighbor
coupling, the resulting QAOA circuit exhibits a structured
form. Given a mapping of N logical qubits (qi) onto a one-
dimensional quantum processor with N physical qubits (pi),
the QAOA circuit is constructed by interleaving RZZ gates and
SWAP gates as follows (i = 0,1,2, . . .):[48]
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(1) execute RZZ gate between all p2i and p2i+1 physical
qubits;

(2) execute RZZ gate between all p2i+1 and p2i+2 physi-
cal qubits;

(3) execute SWAP gate between all p2i+1 and p2i+2 phys-
ical qubits;

(4) execute SWAP gate between all p2i and p2i+1 physical
qubits.

To complete a graph with N nodes, the four steps men-
tioned above need to be repeated [N/2] times. Specifically, if
N is even, 2N −2 cycles are executed; if N is odd, 2N −1 cy-
cles are executed. The template circuit can be used for any in-
complete graph by inserting the required RZZ gates and SWAP
gates. It should be noted that different initial mappings may
impact the circuit depth of the incomplete graph, but they do
not affect the circuit depth of the complete graph. Nonethe-
less, the compilation approach is effective for any weighted
graph, as the fixed nature of the compilation pattern enables
the prediction of the position of the inserted RZZ gate. Once
the initial qubit mapping is determined, the cycle of each RZZ
gate in the circuit can be specified, facilitating the identifica-
tion of the optimal mapping that minimizes the overall quan-
tum circuit depth.

While it is feasible to calculate the circuit depth for a
given initial mapping, obtaining the optimal initial mapping
involves exploring a large number of possibilities, denoted by
N!. As the graph size increases, it becomes impractical to ex-
plore all potential initial mappings. To improve the possibil-
ity of getting the optimal initial mapping, we use a heuristic
search algorithm based on the approach outlined in Ref. [48].
This algorithm is based on two key observations: (1) When
we map a new logical qubit qi to a physical qubit p j, we can
use this pattern to determine the last cycle that qi is executed
among all other currently mapped qubits. (2) The vertices with
higher connectivity in the weight graph have a more significant
influence on the resulting circuit depth. Next, we introduce the
heuristic search algorithm for finding the optimal initial map-
ping. In this algorithm, each node in the search tree represents
a mapping of a logical qubit to a physical qubit. The algorithm
flow is as follows:

Step 1 Arrange the vertices of the input problem graph in
descending order according to their degrees and store them in
the list Sq. The vertices with higher degrees are mapped first.

Step 2 Level 0 of the search tree comprises a single root
node, initialized as empty, indicating the absence of any map-
pings. Following this, we proceed to generate child nodes
for the root node by mapping the highest degree logical qubit
q = Sq[1] to each unmapped physical qubit. This action results
in level 1 comprising N nodes, each associated with a cost of
zero. Additionally, we add the mapped logical qubit q = Sq[1]
into the initially empty list Mq for future reference.

Step 3 The child nodes of level 2 are generated from
the parent nodes of level 1. We map the second-highest de-
gree logical qubit q = Sq[2] to each unmapped physical qubit
p, leading to level 2 containing N(N − 1) nodes. The cost of
each node is determined as follows:

costq→p = max
m∈Mq∧m↔q

(ExeR(q,m)), (12)

where m↔ q indicates that the mapped logical qubit m and the
current logical qubit q are connected in the input weight graph
𝒢, and ExeR(q,m) represents the cycle at which the RZZ(q,m)

gate is scheduled in the pattern. In order to avoid the exces-
sive breadth of the search tree, we impose a truncation on each
level. It is important to note that although node A costs less
than node B under the current mapping, it does not guaran-
tee that the node generated by node A will cost less than the
node generated by node B when adding subsequent mapping.
Hence, truncation in this case is not determined by the cost of
the nodes. Rather, for nodes with equal cost, we keep Bmax

nodes and expand them. Since the cost corresponds to the cy-
cle of the RZZ gate in the circuit, there can be a maximum
of 2N distinct costs. As a result, the maximum breadth of the
search tree is 2NBmax. Here, the maximum cycle is not ex-
panded, and the constant term is disregarded. This approach
allows us to efficiently manage the breadth of the search tree.
We set Bmax = 5 unless otherwise specified. A larger value
of Bmax may yield a more optimal initial mapping, but it also
leads to an increase in the search time. Upon completion of
this step, we record the cost associated with the expanded node
and include the mapped logical qubit q = Sq[2] in the list Mq.

Step 4 Proceeding to step 3, we generate subsequent lev-
els of the search tree. For instance, the child nodes of level 3
are generated from the nodes of level 2. This implies that we
map the third-highest degree logical qubit q = Sq[3] to each
unmapped physical qubit p. Without truncating the search tree
breadth, level 3 will contain N(N − 1)(N − 2) nodes. The al-
gorithm ends when all logical qubits are successfully mapped.
Ultimately, we obtain a search tree with a maximum breadth of
2NBmax and a depth of N. Each path in the search tree repre-
sents a distinct initial mapping. By considering the associated
costs, we can identify the mapping that minimizes the overall
circuit depth, serving as the optimal initial mapping.

The structured compilation method described above is
applicable to the QAOA circuit with p = 1. According to
Eqs. (10) and (11), we generalize this method to any integer
p. When compiling the QAOA circuit for p > 1, the odd lay-
ers in the circuit have the same structure as the p = 1 circuit,
while the even layers are reversed from the p = 1 circuit. An
example is illustrated in Fig. 2(g). It is important to emphasize
that the optimization parameters of each layer are different and
require modification.
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Fig. 2. (a) Decomposition rules for SWAP gates and RZZ gates. (b) and (c) are fully connected weight graphs with 5 nodes and 6 nodes,
respectively. (d) and (e) correspond to the compilation templates of fully connected weight graphs with 5 nodes and 6 nodes on a one-
dimensional chip, respectively. (f) A specific example of a weight graph for the Ising model, with values labeled on the nodes and edges
indicating the weights. (g) The weight graph illustrated in (f) is compiled into a quantum circuit that conforms the one-dimensional qubits
coupling structure using the Qcover compiler.

The quantum circuit obtained above contains RZZ gates
and SWAP gates, which cannot be directly executed on super-
conducting hardware. Therefore, we need to decompose them
into CNOT gates and RZ gates according to the rules shown in
Fig. 2(a). Then, we further optimize the circuit by canceling
adjacent CNOT gates with identical control and target qubits
and aligning all gates to the left for earlier execution. This op-
timization results in fewer gates and a shallower circuit depth.
The optimized circuit is then transformed into OpenQASM
format. With these steps, we have successfully completed
compiling any QAOA circuit on a one-dimensional supercon-
ducting chip. This method is also applicable to chips with arbi-
trary structures. We just need to identify the one-dimensional
substructure chain of the chip and remap the qubits onto this
subchain. Furthermore, our compiler can be transplanted to
other qubit systems, such as trapped ion systems, by decom-
posing the RZZ gates and SWAP gates into the basic gate set
supported by the specific quantum hardware.

In addition, as we are currently in the NISQ era with lim-
ited qubit fidelity, it is crucial to consider the fidelity informa-
tion of qubits in quantum chips when executing quantum pro-
grams. The Qcover compiler includes the quantum hardware
subchain library building module, which uses a heuristic algo-
rithm to identify high overall fidelity subchains in chips with
arbitrary coupling structures. In this context, “overall fidelity”
refers to the product of the fidelities of all two qubits within
the subchain. Due to the influence of the external environment
on the fidelity of qubits, frequent calibration of qubits is nec-
essary. The Qcover compiler module can dynamically update

the subchain library based on real-time quantum hardware in-
formation. The subchain library is structured as a dictionary-
type, with each entry containing a key-value pair. The key
represents the number of qubits in the subchain, and the value
represents the physical qubit coupling structure for each sub-
chain. Please note that a single key in the dictionary may cor-
respond to multiple subchains. The subchains are sorted in de-
scending order based on their overall fidelity. When using the
pyquafu to create a circuit, the subchain with the highest over-
all fidelity is selected from the library based on the required
number of qubits. Subsequently, the logical qubits are sequen-
tially mapped to the physical qubits of the selected subchain.
Then, we use the from openqasm() function in the pyquafu
framework to transform OpenQASM code into pyquafu class
circuits. Ultimately, we send the task to the Quafu quantum
cloud platform for computation using the send() function.

3.4. Compiler performance benchmark

The effectiveness of a compiler can be evaluated using
various performance indicators, such as the compilation time,
circuit depth, and gate count of the resulting physical quan-
tum circuit. These metrics are essential in assessing the ef-
ficiency and quality of the compilation process. To compare
the performance of the Qiskit compiler and our Qcover com-
piler, we conducted experiments on a personal computer, eval-
uating their performance across different parameters such as
the weight graph edge density D = edges/C2

N , the number of
nodes N, and the QAOA circuit depth p.
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Fig. 3. Comparison of performance between the Qcover compiler and the Qiskit compiler. (a)–(b), (c)–(d), and (e)–(f) show the variation of
compilation time, compiled circuit depth, and the number of compiled circuit CNOT gates with the number of weight graph nodes, respectively.
The edge densities of the weight graphs in the upper and lower panels are 0.3 and 0.8, respectively. The Qiskit compiler selects the highest
compilation optimization level. The green triangles and red dots represent the average results obtained by compiling 20 randomly generated
weight graphs using the Qiskit compiler and the Qcover compiler, respectively.

In Fig. 3, we compare the results of compiling QAOA
circuits with a depth of p = 1 using the Qiskit compiler and
our Qcover compiler. The upper panel is for a random weight
graph with an edge density of D = 0.3, while the lower panel
displays a weight graph with a higher edge density of D = 0.8.
The left, middle, and right panels show the compilation time,
compiled circuit depth, and CNOT gate count as a function of
the number of nodes, respectively. We randomly generated 20
weight graphs for a given number of nodes N and edge density
D. Next, we compiled these weight graphs using the two com-
pilers separately and averaged the results to provide a more
comprehensive evaluation. In Figs. 3(a) and 3(b), it is evident
that the Qcover compiler outperforms the Qiskit compiler by
a significant margin. The compilation time of Qiskit is several
to dozens of times longer than that of Qcover. In Figs. 3(c) and
3(d), the depth of the Qiskit compiled circuit grows exponen-
tially as the number of nodes increases, while the depth of our
Qcover compiled circuit increases linearly. In Figs. 3(e) and
3(f), we show the disparity in CNOT gate counts between the
compiled circuits of the two compilers. The Qcover compiled
circuit requires substantially fewer CNOT gates than the Qiskit
compiled circuit. As the number of nodes increases, the CNOT
gate count in the Qiskit compiled circuit grows exponentially,
while in our Qcover compiled circuit it grows polynomially.

In Fig. 4, we present the performance of the two com-
pilers under other various parameters. The upper panel dis-
plays how each performance metric varies with the edge den-
sity of the weight graph at N = 100 and p = 1. We observe
that Qcover outperforms Qiskit for any edge density, with the
improvement in Qcover performance becoming more notice-
able as the edge density increases. As the edge density of the
weight graph increases, the compilation time of Qiskit exhibits
nearly linear growth, except for very small values of D. In

contrast, the compilation time of Qcover demonstrates a de-
creasing trend. The reduced time required to find the optimal
mapping in Qcover is due to the use of the template compila-
tion pattern, which becomes more effective as the edge density
approaches D = 1. The compiled circuit depth and the count
of CNOT gates for Qiskit show a linear growth as the edge
density of the weight graph increases. However, for Qcover,
these quantities initially increase rapidly before tending to sat-
urate as the edge density increases. The lower panel in Fig. 4
shows how the performance of the Qcover and Qiskit compil-
ers varies with the QAOA depth p, for the weight graph with
parameters N = 100 and D = 0.8.

It should be noted that these results are based on a sin-
gle random weight graph. For different values of p, the com-
pilation performance of Qcover is superior to that of Qiskit,
and the performance improvement is nearly independent of p.
The primary reason for this observation is that as the QAOA
depth p increases, both Qiskit and Qcover demonstrate lin-
ear growth in compiled circuit depth and the count of CNOT
gates. Furthermore, it is important to note that for each layer
of the QAOA circuit, we can parallelly carry out optimal pa-
rameter configuration and circuit optimization. This implies
that the compilation time will primarily depend on the QAOA
circuit with p= 1. However, in this study, the compilation pro-
cess was carried out sequentially. In future versions of Quafu-
Qcover, it will support parallelization and parametric QAOA
circuit compilation. In conclusion, the significantly enhanced
performance of the Qcover compiler compared to Qiskit has
been confirmed through our comprehensive evaluation of var-
ious parameters and performance metrics. This further un-
derscores the importance of designing dedicated compilers for
specific classes of application algorithms.
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Fig. 4. The upper panel shows how compiler performance varies with the density of weight graph edges for a fixed weight graph with N = 100
nodes and QAOA circuit depth p = 1. The Qcover compiler significantly outperforms Qiskit by one to two orders of magnitude, with the
performance improvement becoming more substantial as the edge density increases. In the lower panel, for a fixed weight graph node number
N = 100 and weight graph edge density D = 0.8, the performance of the compiler is depicted as a function of the QAOA circuit depth p for a
fixed weight graph with N = 100 nodes and edge density D = 0.8. The circuit depth and the number of CNOT gates compiled by Qcover are
dozens of times smaller than those compiled by Qiskit, and this performance improvement remains almost unaffected by the QAOA depth.

3.5. Backends

As aforementioned, Quafu-Qcover incorporates a range
of classical simulator backends and quantum hardware back-
ends. The classical simulator backends include Pyquafu,[49]

Qiskit,[51] ProjectQ,[52] Qulacs,[53] t|ket⟩,[54] Quimb,[55] and
Qton.[56] The specific details and instructions for using these
simulators can be found in their respective software documen-
tation, and will not be repeated here. This section aims to
introduce the quantum hardware backends provided by the
Quafu quantum computing cloud platform.

Table 1. Information of quantum chips.

Chip Qubits Average T1 (µs) Average T2 (µs) CZ fidelity

ScQ-P10 10 30.878 3.877 95.9%

ScQ-P18 18 35.492 3.285 95.7%

ScQ-P136 136 8.585 10.471 92.4%

The Quafu cloud platform currently offers three super-
conducting quantum chips as its quantum computing backend.
Specifically, the platform provides two one-dimensional archi-
tecture chips, the 10-qubit chip (ScQ-P10) and the 18-qubit
chip (ScQ-P18). In addition, there is a two-dimensional ar-
chitecture chip known as the ScQ-P136. In Table 1, we sum-
marize the information on the average energy relaxation time
(T1), average phase coherence time (T2), and average fidelity
of the two-qubit CZ gate of these chips. It should be noted that
superconducting quantum chips need regular recalibration due
to various environmental factors, causing the parameter infor-
mation in the table to be slightly different from the data given
by the Quafu cloud platform. In future versions of Quafu-
Qcover, we aim to improve the quantum backend by including

a wider range of systems, such as ion trap and Rydberg atom
systems, to provide a more comprehensive quantum comput-
ing platform.

4. Example demonstration

In this section, we will outline a comprehensive workflow
that demonstrates how Quafu-Qcover is used for solving com-
binatorial optimization problems.

In the first step, it is necessary to represent the combina-
torial optimization problem as a corresponding weight graph.
In the Qcover.applications module, we provide two methods
for constructing the weight graph. One available method is to
create a weight graph from the QUBO matrix. While this ap-
proach is more general, it necessitates manual conversion of
the combinatorial optimization problem into a QUBO model
by the user. The method is implemented in the common class.
Furthermore, we propose another method to create the weight
graph from the original problem. Specifically, corresponding
classes have been developed for various types of combinatorial
optimization problems, allowing us to transform the original
problem into a QUBO model and obtain the weight graph. The
Quafu-Qcover currently includes common optimization prob-
lems such as Maxcut, graph coloring, number partitioning, set
packing, and quadratic assignment. Please consult the Quafu-
Qcover project documentation for additional information. In
future versions of Qcover, we intend to incorporate additional
types of combinatorial optimization problems. The followings
are some example code snippets to obtain the weight graph
from either the QUBO matrix or the original problem.
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The second step involves using the Qcover.core module
to determine the optimal parameters for the QAOA circuit.
This module provides various classical simulation backends
and optimizers. In future versions of Qcover, an iterative ap-
proach using quantum hardware will be implemented to di-
rectly identify the optimal parameters. The following example
code demonstrates the calculation of optimal parameters for
the QAOA circuit.

The third step involves compiling the QAOA circuit into
a physical quantum circuit for execution on the Quafu quan-
tum cloud platform, using the optimal parameters and weight
graph. After compiling the quantum circuit, it is sent to the
cloud platform, which then assigns a unique task ID number.
The status of the task can be monitored using this ID num-
ber. Once the task is completed, the circuit sampling results
can be obtained. The Qcover compilation package provides

preprocessing and visualization methods for the sampling re-
sults. At present, binary grouping problems such as Maxcut
and number partitioning problems can be visualized, and there
is also support for visualizing graph coloring problems. The
following code example demonstrates this step.

In Fig. 5(a), we exhibit a specific case of the Maxcut prob-
lem, which was subsequently submitted to the Quafu quantum
cloud computing platform for computation as described ear-
lier. The sampling results obtained from the quantum proces-
sor are shown in Fig. 5(d), with the optimal solutions high-
lighted in green. These optimal solutions are also visualized
in Figs. 5(b) and 5(c).
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Fig. 5. (a) An example of the Maxcut problem. The nodes and edges
are unweighted, or alternatively, it can be considered that the weights of
the nodes and edges are all 1. (b) and (c) are two solutions given by the
Quafu quantum computers. (d) Sampling results. The green highlights
correspond to the two optimal solutions identified for (b) and (c).
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5. Conclusion
At present, the Qcover does not support the direct search-

ing of optimal parameters with quantum hardware due to the
limitation of quantum resources. The quantum chips are only
called for sampling tasks in the last stage. As part of our cur-
rent efforts, the developing of a runtime module is underway
to enable the submission of variational quantum circuit tasks,
streamlining the iterative search for optimal parameters of the
QAOA circuit on a quantum computer.

In conclusion, we have introduced Quafu-Qcover, an
open-source cloud-based quantum software that allows users
to remotely access the Quafu quantum computing cloud plat-
form and use quantum computers to explore combinatorial op-
timization problems. Quafu-Qcover uses a graph decomposi-
tion algorithm to efficiently determine the optimal parameters
for QAOA circuits. Furthermore, it provides a tailored high-
performance QAOA circuit compiler that chooses the most re-
liable qubits for carrying out tasks according to the fidelity
information of the quantum chip at the backend of Quafu.
The workflow of Quafu-Qcover is intentionally designed to
be straightforward and user-friendly. Users only need to in-
put the corresponding QUBO model or weight graph of the
combinatorial optimization problem and then utilize classical
optimizers to find the optimal parameters for the QAOA cir-
cuit. Subsequently, after compilation by the compiler, the ex-
ecutable circuit is asynchronously sent to the Quafu quantum
computing cloud platform.
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