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Abstract—Distributed quantum computing (DQC) integrates
the computational resources of multiple small-to-medium-scale
quantum processors to form a larger composite system capable
of solving problems beyond the capacity of a single device.
However, remote quantum communication between processors
incurs significant overhead and is highly sensitive to entanglement
degradation and link noise. Existing compiler-level qubit alloca-
tion strategies typically overlook these fidelity variations, leading
to inefficient or unreliable mappings. In this work, we propose
a Fidelity-aware Qubit Allocation System (FQAS). This system
explicitly models how purification requirements and resource
consumption affect the cost of remote communication in DQC,
and it is the first to integrate a fidelity model into the distributed
qubit allocation. FQAS further incorporates a Fidelity-aware
Path Planning (FPP) algorithm that identifies communication
paths with minimal resource consumption. The resulting Fidelity-
aware Qubit Allocation Problem (FQAP) is formulated as a
generalized quadratic assignment problem and solved using a
customized hybrid genetic algorithm (HGA). We evaluate FQAS
across various quantum circuits and network topologies. Exper-
imental results demonstrate that the proposed system effectively
reduces remote communication overhead, achieving an average
improvement of approximately 12.5% on real circuits and 5.3%
on random circuits compared with existing methods.

Index Terms—Distributed quantum computing (DQC), entan-
glement purification, quantum communication, qubit allocation.

I. INTRODUCTION

N RECENT years, quantum computing has attracted sig-
nificant attention for its potential to accelerate specific
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computational tasks and to support advanced services in dis-
tributed systems such as the Internet of Things (IoT) [1], [2].
Quantum processors exploit phenomena such as superposition
and entanglement to encode and manipulate information in
fundamentally different ways from classical processors [3]. For
certain problem classes, these properties promise asymptotic or
practical speedups. Additionally, quantum-enabled techniques
have the potential to improve aspects of IoT systems such
as resource allocation and scheduling. However, realizing
these benefits in practical IoT deployments requires over-
coming constraints of current quantum hardware and network
architectures.

Although the advantages of quantum computing have
become apparent, there are still many obstacles to its prac-
tical application. A crucial problem is the limited number of
qubits in quantum processors. Fortunately, distributed quantum
computing (DQC) offers a solution to increase the scale of
quantum computing. By relying on the interconnection of
quantum networks, small-scale quantum processors can coop-
erate through the DQC paradigm. By sharing or transferring
data between different quantum processors via entanglement-
based quantum communication, remote gate (also known as
nonlocal gate) operations can be performed [4], creating a
quantum computing cluster with a larger number of qubits.
However, the execution of remote gates between nodes neces-
sitates the establishment of quantum entanglement among
them, which inherently requires additional consumption for
computational tasks [5]. In distributed clusters, logical qubits
involved in two-qubit gates may reside on separate nodes,
causing such operations to become remote gates that require
inter-node entanglement operations. Consequently, the com-
piler should strive to execute gates locally whenever possible
to minimize communication overhead.

A quantum program is typically described as a quantum
circuit in which logical qubits represent abstract program
variables, while physical qubits denote actual hardware qubits
on processors. A DQC compiler must therefore realize a
mapping from logical to physical qubits (qubit allocation) such
that the logical circuit’s operations can be executed on the
distributed hardware [6]. In a distributed setting, the cost of
implementing a remote two-qubit gate depends not only on
the network topology, link quality, and required entanglement
resources, but also on the relative positions of the nodes in
the network. Longer communication paths require additional
entanglement operations, consuming more resource and time,
while being more susceptible to decoherence and noise. As
a result, allocation choices that ignore these factors may
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substantially increase communication overhead and reduce
fidelity.

Although several studies have attempted to address qubit
allocation in DQC systems, they have primarily focused on
optimizing the layout of qubit allocation to reduce the number
of remote gates [7], [8], [9], [10], [11] or to shorten the
distance between each remote gate in the network topology
[12]. These approaches generally assume that entanglement
links are ideal or sufficiently reliable. In practice, however,
quantum links suffer from noise and decoherence, which limit
the fidelity of generated entangled pairs; achieving higher
fidelity typically requires entanglement purification, which
introduces additional resource consumption and time over-
head. As a result, neglecting link fidelity and purification
costs systematically underestimates communication overhead,
leading to suboptimal mapping solutions that increase total
resource usage or compromise computational correctness.

To overcome this limitation, we extend existing mapping
frameworks in this work. First, we identify link-level entan-
glement reliability as a key factor shaping communication
cost and construct an end-to-end (E2E) communication cost
framework that explicitly incorporates purification overhead.
This framework is the first to unify path-level purification
requirements and communication resource consumption within
a single cost function, enabling more realistic and physically
grounded estimations of remote communication cost. Second,
we incorporate a Fidelity-aware Path Planning (FPP) algorithm
into Fidelity-aware Qubit Allocation System (FQAS), which
evaluates and selects candidate communication paths based on
link fidelity and purification cost, thereby choosing lower-cost
routes and reducing the overall overhead of remote quantum
communication. Finally, based on these components, we for-
malize the Fidelity-aware Qubit Allocation Problem (FQAP)
and design a hybrid genetic algorithm (HGA) to efficiently
solve it.

The main contributions of this article are as follows.

1) We propose a fidelity-aware qubit allocation framework
that incorporates and analyzes in detail the impact
of entanglement fidelity on inter-node communication
overhead in DQC systems, thereby providing a more
realistic and reliable estimation of communication costs
for DQC.

2) We develop FPP, a path planning algorithm that inte-
grates link fidelity and purification overhead into path
selection, enabling low-cost entanglement provisioning
for remote gates.

3) We formulate the FQAP as a generalized quadratic
assignment problem and design a HGA to solve it
efficiently.

4) We validate our approach through extensive simulations,
showing that FQAS substantially reduces the commu-
nication overheads incurred between nodes in DQC
models.

ITI. RELATED WORK
The parallelism inherent in quantum computing allows it to
address complex problems more efficiently than classical com-
puters [13]. However, technological constraints in design limit
the number of qubits in a quantum computer to a relatively
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low level, which may result in insufficient physical qubits for
solving complex problems. Consequently, the construction of a
DQC architecture has emerged as a consensus for continuously
scaling computation, as it can aggregate different quantum
processors to overcome the capacity limitations of individual
computers.

In a DQC architecture, different quantum processors can
exchange data through remote quantum communication and
collaboration [14]. However, the exchange process incurs
additional overheads for computational tasks. Consequently,
how to compile quantum circuits that represent computational
tasks into the physical cluster with minimal overhead has
become an important problem in the design of distributed
architectures. Andrés-Martinez and Heunen [7] constructed a
hypergraph based on the interactions within the logical circuit,
with each hyperedge representing a remote gate between
two logical qubits. The qubit allocation was then achieved
by finding the minimum cut that partitions the hypergraph
into a specified number of sections. Building on this work,
Sundaram et al. [8] further decomposed the problem and
proposed a two-stage heuristic approach. In the first stage, a
simpler minimum cut problem was solved for graph partition-
ing, followed by a second stage to find the minimum migration
set for all remote gates. Dadkhah et al. [9] introduced a mod-
eling method that converts the logical circuit into a weighted
undirected graph and reordered the placement of qubits before
graph partitioning to enhance the performance of qubit allo-
cation. Similar to these works are those by [10] and [11],
which primarily focus on qubit allocation by solving graph
representation and partitioning problems of quantum circuits.
However, these works concentrate on minimizing the number
of remote communications, neglecting that the interactions
between different remote operations are not equivalent, and
the overhead of achieving these interactions is influenced by
the network topology and network state. In contrast, Mao et al.
[12] calculate the overhead of remote gate interactions between
processors based on the number of hops in the network
structure and propose a multistage hybrid simulated annealing
algorithm to reduce the total communication overhead of all
remote gates. Nevertheless, this work does not account for the
fidelity differences among different links in the network.

In DQC, inter-node communication relies on establish-
ing remote entanglement between two qubits. However, the
inevitable presence of quantum noise and decoherence can
cause the entangled pairs to degrade as the propagation
distance increases [15]. To minimize errors in remote commu-
nication, purifying the entangled pairs used for communication
is necessary. This purification process enhances the probability
of the entangled pairs being in the correct state, thereby
providing the highest possible reliability for the fragile com-
munication process. Nevertheless, entanglement purification
unavoidably leads to an increase in communication overheads.
Currently, numerous works have been conducted to design
protocols for DQC models based on entanglement fidelity
[16], [17], [18], [19]. Victoria et al. [17] employed a weighted
Dijkstra algorithm to select appropriate entanglement paths
based on link fidelity and entanglement generation rates in
the quantum network. Li et al. [16] developed entangle-
ment routing and purification methods that ensure fidelity
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for entanglement connections within quantum networks and
provide routing solutions tailored to different computational
resource requirements. Zhao et al. [19] quantified the impact of
entanglement purification on the E2E fidelity of entanglement
connections and maximized network throughput by selecting
paths with higher E2E fidelity to reduce the number of
purifications. These works thoroughly consider the variability
in the reliability of entanglement connections. However, no
previous studies have linked this variability to the overheads
incurred during the compilation stage of remote gates. To the
best of our knowledge, this is the first work to integrate a
purification-aware E2E fidelity model into the distributed qubit
allocation.

III. DQC SYSTEMS
A. Quantum Terminologies

1) Quantum Gates and Quantum Circuit: Quantum logic
gates, also known as quantum operators, are a set of basic
quantum operators used to control quantum data. According
to the number of qubits upon which the quantum gate acts,
we categorize those that act on a single qubit as single-qubit
gates and those that act on multiple qubits as multiqubit
gates. Multiqubit gates are typically employed to facilitate
interactions between qubits. Among the most representative
multiqubit gates is the Control-NOT (CNOT) gate, which acts
on two qubits. Specifically, the CNOT(q;, ¢2) gate determines
the state of the target qubit ¢, based on the state of the control
qubit g;. If ¢; is [1), the CNOT gate flips the state of g.
Otherwise, the gate does not operate.

The quantum computation process is typically represented
as a quantum circuit composed of a set of logical qubits and a
collection of gate instructions that operate on these qubits. In
a quantum circuit, each qubit carrying data is represented by
a horizontal line, and its state is controlled by a sequence of
gates executed from left to right. According to the designer’s
intent, a quantum circuit can systematically connect different
quantum gates to realize a specific information processing
process.

2) Quantum Processor: As the physical carriers of qubits
and quantum computing systems, the number of qubits a
quantum computer can accommodate is a critical factor in
determining the future development of quantum computing.
Qubits within a quantum processor have corresponding names
based on their functional roles. Specifically, a part of qubits
in each quantum processor is reserved for communication
between processors, referred to as communication qubits. To
distinguish them from the other qubits specifically dedicated
to computational or storage tasks, known as data qubits
[20]. Supported by a quantum network, quantum processors
distributed across different regions (serving as network nodes)
can be integrated to form a DQC system [21].

3) Quantum Entanglement and Purification: Quantum
characteristics endow quantum technology with a unique mode
of communication. When a set of qubits cannot be inde-
pendently described in terms of their quantum state without
reference to the other qubits within the set, we refer to this
set as being in a unique correlated state known as quantum
entanglement. In this article, we employ a type of entangle-
ment known as Bell state, which represents a pair of qubits
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Fig. 1. Tllustration of entanglement purification. The Bell pair (Q', Q) is
used as a consumed resource to enhance the fidelity of the Bell pair (Q,, Q,).

(referred to as a Bell pair) where each qubit maintains a state
of (|00) + |11))/ V2. With the advancement of quantum com-
munication, many physical technologies can generate remote
Bell pairs between quantum nodes at the ends of a link, which
can be considered quantum communication channels between
the nodes [22]. However, when Bell pairs have low fidelity, the
probability of bit-flip errors increases, disrupting the expected
entangled state and rendering the resulting entanglement link
ineffective for communication [19].

Entanglement purification can enhance the fidelity of a Bell
pair (or its corresponding entanglement link) by consuming
quantum resources. As shown in Fig. 1, there is a Bell pairs
(Q,. Q,) between Quantum Processor 1 and Quantum Proces-
sor 2, which establishes an entanglement link between them.
At this point, we do not know whether the entanglement link
is in the expected entangled state. To this end, we use another
Bell pairs (Q], Q) to test the entanglement link. The two-
qubit pairs will be connected by a CNOT gate, with Q, and
Q, (acting as control qubits) controlling the states of Q7 and
Q’ (acting as target qubits). After passing through the CNOT
ge{te, Quantum Processor 1 and Quantum Processor 2 measure
the quantum states of Q' and Q’, respectively, and send their
measurement results to each other. If the measurement results
of the two qubits (i.e., M1 and M2) are consistent, it means
that the Bell pair (Q,, Q,) has a high probability of being in the
expected entangled state and the entanglement link is retained.
Otherwise, the Bell pair (Q,, Q,) is considered to have made
an error and is no longer used. It is important to note that,
regardless of whether the entanglement link is retained, the
Bell pair (O, Q) has already been consumed because it will
no longer maintain entanglement after the measurement.

In this article, we assume that all Bell pairs generated on
the same quantum link have the same initial fidelity. For two
Bell pairs both initialized with fidelity F, the fidelity of the
retained entangled link after purification is

F2
=——>F

F2+(1-F)

If resources are sufficient, we can repeatedly perform purifi-
cation operations on the same entanglement link until its
fidelity meets the desired transmission requirements. Given
that entanglement fidelity decreases rapidly over time after cre-
ation, FQAS opts to generate and consume multiple Bell pairs
simultaneously for link purification. Although this approach
may place greater demands on entanglement preparation, it
allows us to disregard changes in Bell pair fidelity due to
entanglement decoherence. It is worth noting that although

’

(D
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Fig. 2. When two processors are not directly adjacent, the remote gates are
achieved through entanglement swapping.

the fidelity of a Bell pair can take any value between 0 and 1,
Bell pairs with fidelity no higher than 0.5 are discarded rather
than purified due to their insufficient reliability [23].

4) Entanglement Swapping: Entanglement swapping can
assist two nonadjacent quantum nodes in establishing long-
distance entanglement connections. As illustrated in Fig. 2,
two communication qubits on Quantum Processor 2, Q, and
Q;, are maximally entangled with Q, on Quantum Processor 1
and Q, on Quantum Processor 3, respectively. Subsequently, a
Bell state measurement [24] is performed on the communica-
tion qubits @, and Q’ at the relay node Quantum Processor 2.
This results in the transformation of the two entanglement
links into a direct entanglement connecting Q, and Q,, and
the two communication qubits on Quantum Processor 2 are
also released. For more general scenarios, if there are multiple
repeater nodes along the path, by performing entanglement
swapping operations at all repeater nodes along the path,
we can “suture” several entanglement links into a direct
entanglement between the source node and the destination
node.
Step 1: Determine the set of paths P that includes all the links
between the two target nodes.

Generate Bell pairs on each link.
Perform entanglement swapping at each repeater
node.

Step 2:
Step 3:

B. Remote Gate Establishment

In a distributed quantum framework, logical qubits assigned
to different physical processor nodes may need to execute
remote CNOT gates. The key to enabling this communication
is to establish an E2E entanglement connection between
their respective nodes. These quantum nodes, which aim to
establish such entanglement connections, are referred to as
the source—destination (S-D) pair.

Mao et al. [12] formulated the distributed qubit alloca-
tion problem and analyzed the implementation process and
incurred overhead of remote CNOT gates. When there is
an entanglement link between the S-D pair, a maximally
entangled pair (i.e., a Bell pair) can be directly generated
on the link using communication qubits. This Bell pair can
then execute a remote CNOT gate on any data qubits in the
quantum processor. As illustrated in Fig. 3, to establish a
remote CNOT gate between Q, and Q,, it suffices to perform
local CNOT operations on Q7 and Q’ corresponding to their
respective processors, along with some single-qubit gates and
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Fig. 3. Process of realizing the entangled link based remote CNOT operation.

measurement operations. In this case, the overhead of remote
communication includes the overhead required to generate a
pair of communication qubits C,_ and the definite overhead
of a remote CNOT circuit C,,. When the S-D pair lacks
a direct connection, establishing E2E entanglement requires
relay nodes to perform entanglement swapping on adjacent
links along the path. The overhead of an entanglement swap-
ping operation is denoted as C_ . For an S-D pair connected
by a communication path passing through N repeater nodes,
N entanglement swapping operations are required to connect
N + 1 Bell pairs on the links. In summary, the remote CNOT
communication overhead for achieving remote communication
between any pair of different quantum nodes is represented as

Ccomm. (S, D) = (N + 1) : Cepr +N- Cesp + Crcn’N > 0. (2)

However, this work only accounts for the basic overheads
associated with establishing remote gates during the analysis,
overlooking the additional overheads necessary to ensure reli-
able communication for the implementation of these remote
gates.

IV. OUR PROPOSED FQAS

In this section, we focus on detailing the components of
the FQAS. First, in Section IV-A, we present a formalized
description of the FQAP within distributed computing systems.
Then, in Section IV-B, we evaluate the overhead required to
establish reliable remote gates and provide detailed calcula-
tion formulas. Subsequently, in Section IV-C, we discuss the
routing problem for a single S-D pair and propose a fidelity-
aware routing algorithm to determine the optimal path and
purification decisions with minimal communication overhead.
Finally, in Section IV-D, we present a HGA to optimize the
mapping layout, aiming to achieve optimal performance for
the mapping problem. The overall framework of the model is
depicted in Fig. 4.
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Fig. 4. Specific framework diagram of the FQAS proposed in this article.

A. Problem Formulation

Achieving an efficient qubit mapping to minimize
remote interactions between processors and reduce remote
communication costs is essential. This approach not only
alleviates the system load but also enhances the reliability of
the computation process. In this section, we first establish the
formal representation of the FQAP. Specifically, the input for
FQAP consists of the following three components.

1) A quantum computing cluster, denoted as H = (V, E) in
the network topology graph, where each node v € V rep-
resents a quantum processor and each edge e = (v;,v;) €
E represents a quantum link connecting processors v;
and v;. The initial fidelity of the Bell pairs generated on
these links is denoted as F,.

2) A logical circuit composed of a set of logical qubits Q
and a set of CNOT gates G, where each CNOT gate
g = CNOT(g;,q;) € G represents whether the value of
qubit g, is to be inverted based on the value of qubit ¢;.
It is noteworthy that CNOT(g;, g;) # CNOT(g;, g;).

3) The generation overhead cep for producing a pair of
Bell states on the quantum link, the overhead ces, for
performing an entanglement swapping operation, and
the fixed overhead ¢, for establishing a remote CNOT
circuit.

For any logical qubit ¢ € Q and node v € V hosting data
qubits, their mapping relationship is denoted as M(-), where
M(q,v) = 1 if and only if g is precisely mapped to node v
for execution. It is important to emphasize that each logical
or data qubit must have a unique mapping, meaning that a
qubit already mapped cannot be remapped to another qubit.
To ensure that each logical qubit is mapped to exactly one
physical node, we impose the following constraint:

Y Mgv=1 YqeQ. 3)
veV
Additionally, each quantum node has an upper limit 7, (V)
on the number of physical qubits available for computation.
Therefore, all quantum nodes must satisfy the capacity con-
straint
D M (q.v) Snegp. () Vv eV. 4)
q€Q
For any two quantum nodes v; and vy, let ¢(vi,v,2) denote
the cost of establishing a reliable remote CNOT gate between
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them. For any pair of logical qubits g;,q; € Q, let n(g;,q;)
represent the number of CNOT gates in the logical circuit.
Consequently, when logical qubits g; and g; are mapped to
quantum nodes v; and v,, the resulting cost for the remote
CNOT gate is given by n(g;,q;) - c(vi, v2).

After accounting for all mapping relationships, the total cost
of all remote CNOT gates is

0= Z Z n(gi-q;) - ¢ (vi,v2)

4i.4;€Q vi,v2€V

- M (gi,v1) - M (g, v2) . &)

Ultimately, the FQAP in the distributed computing system can
be formulated as follows:

min Z Z n(qi,qj)~c(V1,v2)

qi,4;€Q vi,mEV
: M (Qi, Vl) : M (qj7 V2)
s.t. ZM(q,v) =1 VYqeQ

veV
D M@V < negp. (V) My EV. (6)
q€Q

B. Remote CNOT Gate Overhead Evaluation

As noted in Section III, establishing a basic E2E entan-
glement connection is insufficient for DQC tasks. Under
conditions of lower E2E fidelity, entanglement is unlikely
to provide reliable guarantees for long-distance quantum
information transmission between the source and destination.
Therefore, in this section, we analyze how to use entanglement
purification to ensure that the E2E entanglement connections
required for implementing remote CNOT gates achieve suffi-
cient fidelity, as well as determine the associated costs for
establishing these reliable connections. It is worth noting
that although increasing E2E entanglement fidelity can effec-
tively reduce the failure probability of remote quantum gates,
performing multiple rounds of purification incurs substantial
resource and latency overhead, thereby reducing the link
resources available for other tasks in the network. Therefore, it
is necessary to flexibly set the minimum required path-fidelity
threshold according to the quality-of-service requirements of
different quantum tasks [25], so as to strike a reasonable
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balance between the reliability of remote gate operations and
the overall network resource consumption.

First, we draw on [19] as a means to quantify the reliability
of remote entanglement, which provides a formula for calcu-
lating the E2E fidelity of entanglement connections established
from a given set of entangled links with specified fidelity.
Specifically, for a path with N repeater nodes, the E2E fidelity
FE2E can be represented as

F®e =1 4 UV-U-V

N-1
Va2py(L=pn)®@+py > (1= p) @
i=0
N-1
UrY (1-p)® (7)
i=0

which @; = kN=701,k¢i Pk @ = [12oy Pr» and p; represents the
probability that a qubit on link /; € L [where 0 < i < N)] does
not flip during the measurement process. This probability is
related to the link fidelity F; as follows:

p>+(1-p)* =F, (8)

According to (7), we compare the fidelity FF?E with the
path fidelity threshold F* to determine whether purification
is necessary before establishing the path.

We provide a brief overview of the critical purification
scheme process used in FQAS. In Step 1, we verify whether
the fidelity of each entanglement link F; in the path meets the
F; > Fpnin constraint, and purify the links that do not satisfy the
fidelity requirement. This approach prevents the purification
trap discussed in [19], where purifying lower-fidelity links can
potentially reduce the overall fidelity of the E2E entanglement
connection. The Fy, denotes the link fidelity threshold and
calculated as BN -1

oN? N> 1. ©)]
Subsequently, in Step 2, we iteratively execute the judgment
and purification operations until F¥%® > F*. Please note that in
each round, we perform the purification operation only once
on the critical link with the maximum partial derivative rather
than multiple times. This is because each purification will alter
the partial derivative of the link.

Now, we begin to analyze the purification overhead required
to establish an E2E entanglement connection that satisfies the
fidelity constraint F*. Initially, we analyze the purification
overhead consumed by Step 1. We denote the original fidelity
of entanglement link F; as F. According to (1), we can
derive a direct relationship between the number of consumed
purification Bell pairs ¢ and the fidelity of the purified link F,

o
= Fo > (10)

Fi, + (1= Fo)
where F() = F. Therefore, the formula for calculating the
minimum number of purification Bell pairs ¢ needed for the
link /; to satisfy the fidelity constraint F, is

0, FZFmin

Frin =

F

11
0.5 < F < Fpjn. an

(&) )|
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Furthermore, for all links in the entire path, the total number
of purified Bell pairs required (i.e., the resources consumed in
Step 1) is

N
Tpurifyilink (§,D) = Z L. (12)
i=0

According to (7), the fidelity of the E2E path can be
obtained and is denoted as F§°E. When FE°E > F*, the path
is already sufficiently reliable and does not consume addi-
tional resources. However, in other cases, further purification
processes are still necessary. We denote the improvement in
E2E fidelity brought about by the Kth purification operation
in Step 2 as AFy = FF?E — FE2E(k > 1). Therefore, the number
of purification Bell pairs required to continuously purify the
critical links until the E2E fidelity satisfy the requirements is

Tywity_g2e (S, D) = min K
K

st. Y AF > F* = Fg™.
k=1

(13)

Given the known entanglement path and fidelity, the minimum
number of Bell pairs required for purification to achieve reli-
able communication between different processors, denoted as
Tpurify(S ’ D) = Tpurifyilink(s > D) + TpurifyiEZE(S > D) Therefore»
the entanglement purification overhead is

Cpur. ($,D) = Cepr : Tpurify(S ,D). (14)

Finally, combining (2) and (14), the total overhead for achiev-
ing one Remote CNOT operation with sufficient reliability is

¢(S,D) = ccomm. (S’D)"_Cpur. (S,D). (15)

C. Communication Path Planning

Although the overhead calculation method for remote
CNOT has been established, an unresolved issue remains: how
to determine the path for communication between different
nodes. As can be inferred from (15), the fidelity along the path
is a crucial factor in determining the final overhead of remote
CNOT operations. The fidelity determines the overhead of
consuming valuable quantum resources for path purification,
which may be more expensive than the basic overhead of
establishing remote CNOT operations. Therefore, we argue
that a simple choice of the shortest path is not sufficient.
Instead, the purification decision-making process must be
integrated with the path search process to plan the optimal
path for communication between processors.

For a given S-D pair, we aim to find the routing path that
satisfies fidelity constraints with minimal overhead. To achieve
this goal, we employ depth-first search (DFS) to expand the
search space of solutions as much as possible. However, as
the network scale increases, the computational overhead and
execution time of attempting to find all feasible complete
paths become prohibitive. Therefore, it is necessary to set
reasonable limits on the path search process to terminate
the exploration of potential paths that are costly. Based on
the above consideration, we propose a FPP, presented in
Algorithm 1.
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Algorithm 1 FPP Algorithm
Input: Quantum network topology graph H, Bell pair
fidelity over each link Fj, Minimum fidelity
requirement F'*, Source S, Destination D.
Output: Minimum overhead path P,,,;,.
1 Use the Dijkstra algorithm to find the shortest path
P,.:n and select it as the candidate_path;
2 Calculate the number of Bell pairs required to build
the candidate_path as the cost_threshold,
3 Calculate the overhead of candidate_path according
to Eq.(15) as min_overhead,
4 stack.APPEND(S);
s while stack is not empty do

6 subpath + stack.PoP();
7 for exist unvisited neighboring node R do
8 new_subpath = subpath + [R];
9 Calculate the number of Bell pairs required to
build the new_subpath as the cost;
10 if cost <= cost_threshold then
1 if R = D then
12 path = new_subpath;
13 Calculate overhead of path according
to Eq.(15);
14 if overhead < min_overhead then
15 min_overhead = overhead,
16 candidate_path = path;
17 end
18 else
19 ‘ stack.APPEND(new_subpath);
20 end
21 end
22 end
23 end

1) Path Threshold Determination: Effective path overhead
constraints can undoubtedly reduce unnecessary iterations and
quickly eliminate overly costly path options. To ensure that
the constraints sufficiently assist the algorithm in filtering
potential paths, we designed an entanglement cost threshold.
This provides a comparative metric within the range of near-
optimal solutions for the path search process. Subsequently,
the Dijkstra algorithm is used to obtain the path between the
S-D pair with the minimum hops. This path is denoted as the
initial candidate path, and the number of Bell pairs consumed
to achieve a reliable remote CNOT operation on this path is
set as the cost threshold.

2) Cost-Constrained DFS Search: After obtaining the cost
threshold, DFS initiates path exploration between S-D pairs in
the network topology starting from the source node. Beginning
with the first iteration, the algorithm records correspond-
ing exploration details for each sub-path, including visited
nodes and their sequence, the quantum links connecting these
nodes, and the fidelity of these links. During each itera-
tion (Lines 5-22 of Algorithm 1), the algorithm sequentially
extracts a sub-path (S,R) from the stack and calculates the
quantity of Bell pairs required for the sub-path based on the
exploration information to make a decision, and it can be
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Fig. 5. Example of a path search process. The E2E fidelity threshold FE2E
is set to 0.8. (a) Shortest path selection and threshold calculation. (b) Search
process under the threshold constraint.

calculated as

Tpurify (S,R) + N + 1,
Tpurity 1ink (S, R) + N + 1,

if R =D;

Cost(S,R) = .
( ) otherwise.

(16)

When R is the destination node, we calculate the total num-
ber of Bell pairs required to purify the path, (i.e., Tpuisy (S, R)).
Otherwise, since the path length remains undetermined, FPP
only considers the number of Bell pairs required to purify each
entangled link between the source node S and the last visited
node R on the path. At this stage, the degree of purification
for the links is determined by the number of relay nodes along
the sub-path. Additionally, the N + 1 Bell pairs necessary
for establishing the link are also taken into account. The
Cost(S,R) will be compared with the path threshold, and if
it exceeds the threshold, we will stop exploring this sub-path.
If it exceeds this threshold, FPP terminates exploration of the
sub-path. Otherwise, if the sub-path overhead is reasonable
and the destination node has not been reached, all unexplored
neighboring nodes of R become new endpoints for sub-paths,
and exploration records are updated accordingly. All new sub-
paths are added to the stack for further exploration (Line 18
of Algorithm 1). For each complete path identified, FPP
calculates its total overhead according to (15) and updates
the candidate path accordingly (Lines 11-16 of Algorithm 1).
Finally, when the stack containing paths to be explored is
empty, the minimum overhead serves as the expected overhead
for remote interactions between S-D pairs, and the path with
the minimum overhead is regarded as the optimal communi-
cation path between S-D pairs.

We use a nonspecialized routing example to clearly demon-
strate the FPP search process and its advantages, as shown in
Fig. 5. In this example, the fidelity of the links follow the
range criterion of (0.5,1) [23]. Initially, FPP identifies the
shortest-hop path Py —» Py — Ps — Py and calculates
the expected Bell pair consumption for establishing this path
as Cost(Py, Pg) = 7, setting it as the cost threshold. Then, FPP
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begins large-scale exploration starting from Py. The iterative
search along relay P is terminated early to reduce complexity,
as the expected entanglement cost of the sub-path Py — P; —
P, — P; already exceeds the cost threshold, making further
exploration unlikely to yield a better path. Meanwhile, FPP
discovers a new path Py — P4 — P; — Pg — Py. Although
this path is longer, its higher average fidelity results in minimal
additional purification costs. Ultimately, FPP selects the path
Py — P¢ — P; — Pg — Py as the final expected S-D path, as
it requires fewer Bell pairs and achieves lower overhead. In
contrast, the shortest-hop path Py — P4 — Ps — Py requires
more Bell pairs for necessary purification, contradicting the
expectation that the shortest path is always optimal.

It is important to note that the above analysis and examples
rely on deterministic fidelity parameters and a deterministic
purification model to preplan routing paths and estimate E2E
communication costs, thereby determining the optimal alloca-
tion configuration. However, during real-time communication
in a quantum network, link fidelity may fluctuate due to deco-
herence, environmental noise, and cross-layer interference.
Such variations can cause the actually generated entangled
pairs to fall short of the target fidelity assumed during the
planning stage. Therefore, when entanglement distribution is
executed online, the system continuously monitors the fidelity
of each generated entangled pair through the underlying net-
work protocol stack. If the observed fidelity is lower than the
target threshold specified by the FPP plan, the system automat-
ically triggers additional purification rounds and reinforces the
critical links to restore or improve the entanglement quality.

D. Hybrid Genetic Algorithm

After the analysis in Sections IV-B and IV-C, the communi-
cation overhead for generating a remote CNOT gate between
any pair of network nodes has been determined. Furthermore,
the number of remote CNOT operations required between all
pairs of logical qubits is known. Therefore, we reformulate
the FQAP as a generalization of the quadratic assignment
problem and proceed to solve it. Genetic algorithm (GA) are
widely utilized to find optimal solutions to complex optimiza-
tion problems [26]. This algorithm simulates the Darwinian
evolution process by iteratively applying selection, crossover,
and mutation to generate the optimal solution. Due to its ability
to explore a broad solution space, the GA is well-suited to
adapt to the significant expansion of the potential solution set
as the number of qubits to be mapped increases.

Firstly, we introduce the encoding designed for the FQAP to
describe how mapping relationships are represented within the
framework of GA. Each mapping layouts (i.e., a solution to the
FQAP) is considered an “individual” in the GA, characterized
by its unique features represented in chromosome structure.
As shown in Fig. 6, we represent all available data qubits in
the quantum computing cluster as a placement sequence of
length Ny, (total number of data qubits), assigning a unique,
nonrepeating number from 1 to Ny, (total number of logical
qubits) to each position to indicate which logical qubit is
mapped to that position. It is noteworthy that when the number
of available data qubits exceeds the number of qubits in the
logical circuit, ancilla qubits are used to occupy all remaining
data qubits, ensuring that Npyy. equals Ny, . Ancilla qubits do
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Fig. 6. Representation of mapping layouts in chromosomes. Red numbers
denote logical qubit indices, while data qubits are represented by array indices
(blue numbers).

not perform any quantum operations and thus do not affect
optimization results.

The quality of chromosome structures can be described
by the fitness of individuals to their environment, represented
by the total overhead generated from mapping relationships,
calculated by fitness function formula (5). GA iteratively
replace or inherit features of chromosome structures in an
attempt to improve the gene until obtaining the solution with
the best fitness. In addition to mapping layouts, the fitness
function also depends on two Npny. X Npny, matrices: the
communication overhead matrix M., which records the com-
munication overheads for remote CNOT operations between
each pair of physical qubits, and the remote CNOT gate matrix
Mg, which records the number of remote CNOT operations
required among all logical qubits.

Algorithm 2 Hybrid Genetic Algorithm
Input: Communication overhead matrix M., Remote
CNOT gate matrix M, Individual numbers
Nindiv, Iteration numbers N, Mutation
threshold N,,,tate-
Output: Mapping layout with minimum overhead.
1 pop = GENERATEINITIALPOPULATION();
2 for iter = 0 to Njier do
3 while childs_pop.num < Nipgiv/2 do
4 parents = TOURANENTSELECTION(pop);
5 child_indiv =
UNIFORMLIKECROSSOVER (parents);

6 child_indiv =
LIMITLOCALSEARCH(child_indiv);
7 childs_pop.APPEND(child_indiv);
end

pop = UPDATE(pop, childs_pop);
10 | if pop[0] < best_indiv and
last_mutated_iter > Ny utate then

11 for every pop_indiv in pop do
12 pop_indiv =
SHIFTMUTATION (pop_indiv);
13 end
14 last_mutated_iter +=1;
15 else
16 | best_indiv = pop|0];
17 end
18 end

Next, we define the HGA structure used to find the optimal
solution, presented in Algorithm 2. HGA employs a tourna-
ment strategy to select parent individuals from the current
population and performs crossover on parent chromosomes
to generate new offspring (Lines 4 and 5 of Algorithm 2).
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Fig. 7. Example of the ULX process for generating offspring chromosomes.
(a) Inherit identical genes from both parents. (b) Randomly inherit a gene from
one of the parents. (c) Randomly select and allocate the remaining unassigned
genes.

The crossover operator plays a crucial role in optimizing the
final performance of HGA by controlling the genes of the
new individuals. To effectively balance the challenge of pre-
serving favorable parental characteristics while maintaining
diversity among offsprings, HGA uses uniform-like crossover
(ULX) [27] to determine the newly generated chromosomes,
as illustrated in Fig. 7. ULX follows the priority rules for
determining offspring genes: firstly, offspring inherit genes
from both parents at positions where they are consistent
and identical (i.e., pl; = p2; where pl; and p2; are values
of both parents at position i. These genes are placed in
their corresponding positions. Subsequently, in cases where
there is no conflict with existing genes, offspring randomly
inherit genes from either parent at the same position with
equal probability. Finally, any remaining genes are randomly
placed in empty positions to form complete chromosomes.
ULX crossover operator enhances individual freedom while
retaining superior parental characteristics, enabling HGA to
effectively maintain population diversity.

Furthermore, we aim to fully exploit the potential of each
offspring individual. To achieve this, HGA incorporates lim-
ited local search in line 6 of Algorithm 2, which attempts
to enhance the offspring’s fitness through localized gene
exchanges. Initially, limited local search employs the 2-opt
operator to iteratively swap genes at adjacent positions within
the chromosome, comparing the fitness values before and after
the swap. If the swap improves the individual’s fitness, limited
local search retains the change. Otherwise, limited local search
has a certain probability of reversing the swap. Following this,
the algorithm applies a predetermined number of perturbations
to the chromosome to prevent entrapment in local optima
and prepares for another round of local exchanges using the
2-opt operator. This process is repeated for several rounds,
ultimately returning the chromosome with the highest fitness
found. Through the detailed local search provided by limited
local search, HGA can escape potential local optima traps
and continuously optimize individuals, thereby improving the
exploration of the solution space.

Finally, GAs may stagnate if no new solution spaces
are explored over an extended period. To counter this,
mutation operators introduce random variations into indi-
viduals, enhancing population diversity. In HGA, random
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mutation is implemented through segment swapping within the
chromosome (Lines 10-14 of Algorithm 2). Specifically,
the operator cuts the chromosome at a designated position,
reorders the two gene sequences, and then reassembles them
to form a new chromosome representation. The initial cut point
is chosen at the second gene position of the chromosome, and
with each execution of the mutation operator, this cut point is
shifted one position further along the chromosome.

E. Complexity and Scalability Analysis

In this work, we propose a HGA for mapping layout
optimization, which integrates the standard GA framework
with a 2-Opt local search procedure. The mapping problem
takes as input an Nppy. X Nppy, matrix and optimizes a mapping
sequence of length Ny . In the proposed HGA, the selection,
crossover, and mutation operators all have controllable linear
complexity. Specifically, the tournament selection strategy is
executed |Njngiy| times in each generation to form the popu-
lation, resulting in a complexity of O(|Njngiv|). Both crossover
and mutation operate on every chromosome of length Nppy. in
the population, each requiring O(Nphy. | Ningiv|) time. Therefore,
the overall complexity of the genetic operators within a single
generation is O(Nppy. - |Ningiv]). In addition, HGA applies 2-Opt
local search to all newly generated individuals. The complexity
of 2-Opt on a single chromosome is typically O(Nppy. %), and
thus O(|Nindiv| © Nphy. 2) for the entire population. Combining
the genetic operators and local search, the per-generation
complexity of HGA is O(|Ningiy| -NphyAz). Since HGA performs
Njr iterations in total, the overall computational complexity
is O(Niger * |Nindiv| - phy 2)

In the proposed HGA, all genetic operators maintain linear
complexity, making their computational cost relatively insensi-
tive to the increase in problem size. As the number of physical
qubits Npny, grows, the 2-Opt local search progressively
becomes the dominant computational bottleneck. However,
recent engineering advances have significantly improved the
practical efficiency of 2-Opt on large-scale instances [28],
[29]. With incremental cost evaluation techniques and multi-
core or GPU-parallel implementations, 2-Opt can still achieve
strong runtime performance and convergence on instances
with hundreds of elements. Therefore, the proposed HGA can
efficiently handle mapping problems at the scale of hundreds
of qubits and has the potential to scale further to even larger
systems.

Next, we introduce the FPP algorithm to precompute opti-
mal communication paths between processors and estimate
their E2E overhead. FPP first performs a Dijkstra search to
obtain the shortest path and its cost threshold, with complexity
denoted as Tpjjkswa- Based on this, FPP enters a DFS-based
constrained path search that enumerates all feasible S-D sub-
paths from the source node. At each step, the algorithm
evaluates whether a path should continue expanding according
to the cost formula. Under the cost threshold, DFS prunes
overly expensive paths and compresses the effective search
depth to d.g. During this process, a node may be revisited
multiple times, with corresponding cost updates and state
checks, resulting in a total cost of O(V - de - Tcarc), Where Teqie
is the time required to compute the cost increment of a sub-
path [determined by (16)]. On the other hand, the expansion
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TABLE I
LIST OF SIX DIFFERENT TESTED QUANTUM CIRCUITS

Name Number of qubits | Number of CNOTs
clip 14 14772
sa02 14 16864
cold 15 7840
dc2 15 4131
ham15 15 3858
misexl 15 2100

of each edge during the search is governed by the pruning
strategy, and an edge is expanded only when the path cost
has not yet reached the threshold. We use k to denote the
effective path-expansion factor after pruning. The total edge-
expansion cost is therefore O(E-k-Ty ). Combining node visits
and edge expansions, the overall complexity of the constrained
DFS search becomes O(V -degi+ Teaic + E-k-Teae). Thus, the total
time complexity of FPP is TDijksthrO(Vdeg-Tcalc+E k- Teae).

The scalability of FPP depends on how quickly the path
cost increases with hop count and the number of feasible
paths in the topology. In quantum networks, path fidelity
typically deteriorates rapidly as the number of hops increases,
which substantially raises purification cost. Leveraging this
property, FPP sets the purification cost of the shortest path
as the pruning threshold, eliminating a large number of high-
cost paths at early stages. This effectively reduces the DFS
depth and prevents exponential path explosion. Therefore, the
threshold-based pruning mechanism enables FPP to maintain
strong scalability in quantum networks.

V. PERFORMANCE ANALYSIS

In this section, we analysis the performance of the proposed
method through extensive qubit allocation simulations.

A. Simulation Setting

1) Tested Quantum Circuits: In our simulations, the circuits
used for testing are divided into two parts: real circuits and
random circuits. The real circuits include six different logical
quantum circuits listed in Table. I, and their.qasm files can
be found in [30]. The random circuits were initialized with a
number of logical qubits equal to the computational qubits
in the topology, and CNOT gates were executed between
randomly chosen pairs of qubits.

2) Quantum Processor and Network Topology: In our sim-
ulations, each quantum processor on all quantum nodes can
accommodate up to two computational qubits and a maxi-
mum of four communication qubits. As shown in Fig. 8, we
generated nine different network topologies and implemented
simulations on these topologies. These include three topologies
with eight nodes [22] and six topologies with 16 nodes, with
varying numbers of quantum links in each topology.

3) Parameters Setting: We set the initial fidelity of Bell
pairs generated on different links to follow a Gaussian dis-
tribution A/(0.75,0.2), and each pair of nodes can provide
sufficient Bell pairs for entanglement purification [16]. In the
quantum network, the overheads are defined as follows: Bell
pair generation overhead C., = 7, entanglement swapping
overhead Ce, = 3, and fixed overhead for remote CNOT
circuits Crep = 5 [12].
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Fig. 8. Different quantum network topologies used for simulations. (a) topol.
(b) topo2. (c) topo3. (d) topo4. (e) topo5. (f) topob. (g) topo7. (h) topo8.
(i) topo9.
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Fig. 9. Performance comparison between the proposed FPP algorithm and
the shortest-path algorithm under different network topologies. Each subfigure
illustrates the cost difference between the paths selected by the two algorithms.
(a) topol. (b) topo2. (c) topo3. (d) topo4. (e) topo5. (f) topo6. (g) topo7.
(h) topo8. (i) topo9.

B. Performance Analysis of FPP

According to the remote CNOT overhead evaluation method
described in Section IV-B, we conducted 100 simulation
experiments to compare the path-planning performance of FPP
and the shortest-path method. For each network topology,
both methods were used to plan communication paths for
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all node pairs, and their expected communication overhead
was compared. Fig. 9 presents the average overhead differ-
ences between the two algorithms across various topologies.
The results show that the proposed FPP algorithm not only
outperforms the shortest-path method in controlling commu-
nication overhead but also adapts more effectively to diverse
network structures. Moreover, by comparing the remote-
communication overhead on 8-node and 16-node computing
clusters, we observe that the overhead gap between the two
routing schemes becomes increasingly pronounced as the
topology scales up, particularly when the inter-node distances
are larger.

C. Hyper-Parameters Analysis of HGA

In this section, we conduct a detailed evaluation of the
key hyper-parameters in the HGA to analyze how different
parameter settings influence its final performance. All com-
parisons are performed under the same circuit and topology
configurations, and the results are reported as the average
over 20 independent runs. For ease of observing performance
trends, all communication overhead values obtained on differ-
ent topologies are normalized by the maximum overhead

Overhead

O h dnorm T
verhea Overhead,,ax

A7)

We first evaluate how the number of individuals affects
HGA performance across all quantum network topologies.
On each topology, HGA is executed with [3,5,8, 10, 15, 20]
individuals, and the results are presented in Fig. 10. The
results show that the sensitivity of HGA to population size
is closely related to the problem scale. On the small-scale
topology with 8 nodes [Fig. 10(a)], increasing the number of
individuals leads to only marginal performance improvements,
suggesting that a small population is sufficient to explore
near-optimal solutions for such problems. In contrast, for the
large-scale topology with 16 nodes [Fig. 10(b)], the normal-
ized overhead exhibits a more significant reduction as the
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population size increases, indicating that a larger number of
individuals improves the algorithm’s ability to explore a larger
search space and thereby reduces communication overhead. It
is worth noting that the performance gain gradually diminishes
when the population size reaches 20, implying diminishing
returns. Therefore, we set the default population size to
Ningiv = 20 in all subsequent experiments.

Next, we analyze the impact of the number of iterations
on HGA performance, with the results shown in Fig. 11. On
the small-scale topology [Fig. 11(a)], HGA requires only a
relatively small number of iterations to cover the main solution
region. In contrast, on the large-scale topology [Fig. 11(b)],
HGA requires a significantly larger number of iterations to
reach convergence. This indicates that increasing the network
scale raises the problem complexity, thereby necessitating
more iterations to effectively explore the larger search space
and obtain better solutions. When the number of iterations
reaches Njer = 100, the performance improvement becomes
marginal. Thus, this value is adopted as the default for all
further experiments.

After determining the settings for the population size and
number of iterations, we further evaluate the effect of the
mutation threshold in HGA. The results show that, given the
sufficiently large population and iteration count, HGA main-
tains stable performance across different mutation thresholds.
This indicates that the algorithm preserves a strong exploration
capability during the search process and does not suffer from
premature convergence. Therefore, the mutation threshold is
fixed to 20 in all experiments presented in this article.

D. Performance Analysis of FOQAS

In the following experiments, the proposed mapping scheme
FQAS is compared against four baseline mapping schemes.

1) Graph Partitioning with ShortestPath (GP+Shortest-
Path). In this method, communication overhead between
processors is estimated using the shortest-path algo-
rithm, after which the graph partitioning model is
applied to determine the mapping layout. Graph parti-
tioning is a widely used mapping approach, and many
studies [7], [8], [9] have built their models based on
graph partition techniques.

2) Graph Partitioning with FPP (GP+FPP).

3) Multistage Hybrid Simulated Annealing with Shortest-
Path (MHSA+ShortestPath). MHSA [12] is one of the
state-of-the-art mapping algorithms. In this variant, the
shortest-path method is used for path selection.

4) Multistage Hybrid Simulated Annealing with FPP
(MHSA+FPP).

First, we compare the proposed method with four baseline
mapping schemes across six real quantum circuits and three
quantum-cluster topologies. The overall overhead produced
by different mapping schemes on each topology is shown
in Fig. 12. Overall, FQAS achieves the best performance
in all tested scenarios, with its E2E communication over-
head significantly lower than that of all baseline methods.
In comparison, MHSA+FPP performs slightly worse than
FQAS but still maintains high solution quality. A limita-
tion of MHSA is that its search is restricted to refining
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Fig. 13. Performance comparison of the proposed mapping scheme and four baseline schemes with varying numbers of CNOT gates. In each subplot, the
left graph shows the total overhead incurred after the allocation process, while the right graph depicts the average overhead per CNOT gate within the circuit.

(a) topo4. (b) topo5. (c) topob. (d) topo7. (e) topo8. (f) topo9.

a single solution, which narrows its exploration space and
prevents it from achieving the level of global search capability
enabled by HGA'’s large-scale population-based strategy. As a
result, its performance is slightly weaker on complex mapping
tasks. Meanwhile, MHSA+ShortestPath performs noticeably
worse than MHSA+FPP, revealing that the path-planning
module has a substantial impact on the overall mapping
quality. Integrating MHSA with the more accurate FPP planner
effectively improves mapping performance. In addition, both
graph-partitioning methods (GP+ShortestPath and GP+FPP)
clearly underperform FQAS and the two MHSA-based base-
lines. This is mainly because graph-partitioning methods
construct and cut graphs based solely on remote-gate inter-
actions, ignoring the inherent overhead heterogeneity across
network topologies. Compared with all baseline methods,
FQAS achieves an average performance improvement of
approximately 12.5%.

After completing the experiments on real quantum circuits
of various sizes, we further evaluated the performance of
different mapping schemes on large-scale random circuits.
These circuits were initialized with the same number of logical
qubits as the physical qubits in each topology, and CNOT gates
were applied between randomly selected qubit pairs. In our

simulations, the number of CNOT gates ranged from 2000 to
26 000. Fig. 13 presents the mapping performance of different
schemes across six 16-node topologies. Overall, all methods
exhibit approximately linear growth in communication cost
as circuit size increases, yet the growth rates differ notably
across algorithms. In particular, FQAS consistently achieves
the lowest communication overhead across all circuit sizes and
topologies, and its curve maintains the smallest slope, indi-
cating superior scalability when handling large-scale circuits.
Compared with all other baseline algorithms, FQAS achieves
an average reduction of 5.3% in communication overhead.
Finally, to further assess how different E2E fidelity
requirements influence mapping performance, we conducted
experiments on quantum circuits containing 10000 CNOT
gates across six network topologies. Fig. 14 illustrates how
the communication overhead of each mapping scheme varies
under the same fidelity-threshold constraints. The results show
that as the E2E fidelity threshold increases, the communication
overhead of all mapping methods rises monotonically. This
behavior occurs because higher fidelity requirements force
each remote binary gate to undergo more rounds of entangle-
ment purification, which introduces additional communication
overhead. This trend remains consistent across all tested
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Fig. 14. Performance comparison of the proposed mapping scheme and four baseline mapping schemes with different E2E fidelity requirements. (a) topo4.
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topologies, indicating that fidelity constraints exert a broadly
applicable impact on DQC overhead. Across all topologies and
threshold settings, FQAS exhibits the most stable behavior and
consistently delivers the best performance. This demonstrates
that FQAS is able to provide higher-quality mappings under
a wide range of system conditions.

VI. CONCLUSION AND DISCUSSION

In this article, we discuss compilation strategies for DQC.
We identify that existing DQC compilers insufficiently account
for the impact of varying link fidelities in quantum networks
on the execution of remote gates during qubit-to-processor
mapping. This factor is essential to the overall performance
of distributed quantum programs. To address this problem, we
propose a fidelity-aware qubit mapping model and introduce a
FPP algorithm. Extensive simulation results show that the pro-
posed approach effectively reduces inter-node communication
overhead in DQC while ensuring adequate fidelity for remote
communication processes, achieving significant improvements
over baseline methods.

However, several challenges still remain for the proposed
method. In practical quantum networks, factors such as noise,
decoherence, temporal fluctuations in link quality, and cross-
node operation errors can affect the entanglement generation
process and the final fidelity. These effects may cause the
actual execution performance to deviate from the theoreti-
cal estimations obtained during compilation. To address this
problem, we plan to incorporate key hardware parameters and
dynamic link characteristics into the cost modeling process
in future work. Our goal is to develop a dynamic cost
evaluation framework that reflects time-dependent behaviors
and stochastic fluctuations, enabling compilation strategies that
better align with realistic quantum network environments. We
also aim to conduct experiments on network simulators that
employ noise models closer to real hardware in order to further
assess the feasibility and effectiveness of the proposed method
in practical settings. Another challenge of interest is that,
in scenarios involving very large scale quantum processors,
engineering optimizations alone may not be sufficient to meet
the increasing computational demands. A hierarchical mapping
strategy that partitions the global mapping task into local
subtasks and integrates them step by step may serve as a
promising direction for improving scalability.
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