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ABSTRACT In recent years, advances in quantum computing have been driven by substantial improvements in 
both the number and quality of qubits. As the field progresses, there is growing interest in interconnecting quantum 
systems to enable scalable computation through Distributed Quantum Computing (DQC) architectures. Consider a 
distributed quantum application executed across multiple Quantum Processing Units (QPUs) within a quantum data 
center, where remote gates require establishing entanglement between different QPUs. The creation of such end-to-
end entanglement can lead to network congestion and resource contention. To address these challenges, we propose 
a resource management framework that maximizes fidelity-guaranteed throughput while satisfying dependency 
constraints. We first formulate the problem as a Mixed-Integer Linear Programming (MILP) model to provide a 
performance benchmark. Building on this, we develop efficient approximate scheduling algorithms that achieve 
performance comparable to the optimization solver. Although a trade-off exists between execution time and network 
throughput, simulation results demonstrate that one of the proposed strategies, Weighted Group Least Resource First 
(WGLRF), closely approximates the solver’s performance across most scenarios. These findings suggest that the 
lightweight strategy is sufficient for current DQC settings, offering a practical solution for managing remote-gate 
resource contention in distributed quantum circuits and improving overall system performance. 

INDEX TERMS Distributed Quantum Computing, Quantum Data Centers, Quantum Networks, Resource 
Management, Scheduling, Topology. 

I. INTRODUCTION 
Recent advances in quantum computing, marked by the 
introduction of increasingly powerful quantum machines and 
advancing communication experiments, signify substantial 
progress in the field [1], [2], [3], [4]. As quantum computing 
continues to evolve, there is a growing demand to interconnect 
these systems, especially within a data center connected by 
optical switches (analogous to traditional circuit-switched 
networks). This can be achieved through Distributed Quantum 
Computing (DQC) [5], [6], [7], [8], in which individual 
quantum processors, each with limited capacity, work together 
to address computational tasks that exceed the capabilities of a 

single device. Unlike classical distributed computing, where 
adding more processors leads to a linear increase in computing 
power, the integration of additional quantum processors can 
result in an exponential enhancement of quantum 
computational capacity [9]. 

Quantum computers can be interconnected using a hybrid 
approach combining quantum and classical techniques [10], 
[11], [12], [13]. Hybrid quantum-classical networks often rely 
on a central controller to handle network tasks like scheduling 
and routing, a practice that extends to DQC. However, scaling 
quantum resources within data centers presents unique 
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challenges due to the inherent complexities of quantum 
technology, including decoherence, probabilistic operations, 
and unreliable entanglement generation [14]. Addressing these 
challenges calls for innovative strategies specifically designed 
for DQC, aligned with the shift from monolithic to distributed 
architectures. Enhancing performance necessitates unique 
resource management and optimization techniques suited to the 
quantum domain. 

In the current Noisy Intermediate-Scale Quantum (NISQ) era 
[15], executing a complex quantum algorithm in DQC involves 
partitioning the algorithm into smaller components (i.e., 
dividing the quantum circuit into sub-circuits) and allocating 
them to specific Quantum Processing Units (QPUs). Each sub-
circuit comprises a set of quantum gates, some of which can be 
executed locally within a QPU, while others require resources 
and collaboration across QPUs, i.e., inter-processor operations, 
specifically referred to as remote gates. A primary goal in 
quantum algorithm partitioning is to reduce the number of 
remote gates, as their execution is significantly more resource-
intensive compared to local gates. However, achieving this is 
highly challenging and inherently constrained [16], [17]. 
Therefore, minimizing the overhead associated with remote 
gate execution, such as employing resource management to 
enable their parallel execution, is equally important. Resource 
management strategies from classical networks cannot be 
directly applied due to the above differences [18]. 

A key method for executing remote gates between two QPUs 
is by leveraging a pre-established entangled pair shared 
between them [9]. Thus, an overlay network for entanglement 
distribution is crucial for enabling remote operations in DQC 
[19], [20]. This overlay network facilitates the distribution of 
end-to-end (E2E) entanglement between arbitrary nodes in the 
network. The end nodes then utilize this E2E entanglement as a 
communication resource to perform remote operations. For 
entanglement distribution to function, each node in the network 
must communicate to coordinate the implementation of local 
quantum operations, also known as Local Operations and 
Classical Communication (LOCC) [21]. Once paths between 
end nodes are established, intermediate nodes (i.e., quantum 
repeaters) execute entanglement swapping and purification 
[22], [23] to produce E2E entanglement of sufficient quality. 
The key challenge lies in selecting paths for concurrent remote 
gates, which require specific QPUs for execution, to achieve 
optimal performance. This involves maximizing the availability 
of resources, e.g., E2E entangled pairs with desired quality, for 
a batch of remote gates within a given time frame. 

Consider a quantum data center with multiple QPUs 
distributed across various racks tasked with executing one or 
more complex quantum circuits in a distributed manner. Within 
a distributed quantum application, numerous requests may arise 
for resources to execute remote gates across distributed QPUs, 
each requiring E2E entanglement between QPUs. Ideally, we 
want to maximize the concurrent execution of remote gates. 
However, as the number of requests increases, congestion and 
resource contention become inevitable. For instance, multiple 
remote gates may rely on a shared link, but the resources 
available between the QPUs connected by that link may be 

insufficient to meet all demands. In this work, the evaluation 
primarily considers requests generated from a single partitioned 
circuit, although the proposed request-driven framework is 
applicable to both single-tenant and multi-tenant settings. 

We propose a resource management framework for quantum 
data centers that prioritizes gate dependencies and maximizes 
quality-assured resources for remote gates. The problem is first 
formulated as a Mixed-Integer Linear Programming (MILP) 
optimization model, serving as a benchmark. We then introduce 
a set of efficient scheduling algorithms, such as prioritizing 
requests with minimal resource demands. While there is a 
tradeoff between execution time and request satisfaction, 
simulations show that the proposed strategies closely 
approximate the solver’s results in most scenarios. 

This demonstrates that simple algorithms are sufficient for 
current DQC settings. Unlike sophisticated methods such as 
reinforcement learning or optimization solvers used in existing 
works, a straightforward strategy can achieve comparable 
performance with significantly faster execution times. Even in 
harsh conditions, the results are acceptable. That is, an efficient 
strategy can offer a more practical solution for managing the 
potentially large number of remote gates in a quantum circuit. 
These efficiency improvements can greatly enhance overall 
performance, especially for large quantum computations 
involving thousands or even millions of sub-circuits. Saving 
time on processing one batch of remote gates, a set of sub-
circuits, can translate into substantial time savings over the 
course of the entire computation. 

The contributions of this paper can be summarized as: 
1. We propose a resource management framework for 

quantum data centers that abstractly models the 
components of a partitioned quantum circuit executed in 
a DQC environment. 

2. We formulate the resource management problem as an 
MILP model, which serves as a reference for 
performance evaluation. 

3. We introduce a set of efficient algorithms that deliver 
performance comparable to MILP while achieving 
significantly faster execution. 

4. We show that lightweight scheduling strategies can 
achieve strong performance with substantially lower 
complexity compared to sophisticated methods. 

The remainder of the paper is organized as follows: Section II 
provides an overview of the preliminaries related to DQC and 
quantum data centers, along with a discussion of related work. 
Section III presents the typical topologies identified for quantum 
data centers. Section IV introduces the proposed resource 
management framework for quantum data centers using 
partitioned quantum circuits. In Section V, we formulate the 
MILP problem and present a set of scheduling algorithms. 
Section VI evaluates the proposed methods and presents 
simulation results. Finally, Section VII concludes the paper. 
 
II. BACKGROUND AND RELATED WORK 
This section presents the foundational concepts related to 
entanglement distribution, DQC, and quantum data centers, 
along with an overview of related work. 
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A. Entanglement Swapping and Purification 
As discussed earlier, a key approach for executing remote gates 
between two QPUs involves leveraging pre-established 
entangled qubit pairs between intermediate nodes on the path 
between them. Once the paths are established, intermediate 
nodes perform entanglement swapping and purification to 
create E2E entanglement of sufficient quality (fidelity). 

Entanglement swapping is a quantum operation that enables 
the creation of remote entanglement between two distant end 
nodes that are not directly connected by a quantum link. This 
operation is performed by an intermediate node, typically 
known as a quantum repeater. As shown in Fig. 1(a), end nodes 
A and B aim to establish E2E entanglement, but no direct 
quantum link exists between them. Instead, both nodes share 
direct links with an intermediate (repeater) node. Each node 
generates direct-link entanglement with the repeater. The 
repeater, possessing one side of each direct-link entangled pair, 
then performs entanglement swapping on its sides of the two 
entangled pairs. If the operation is successful, an E2E entangled 
pair is formed between nodes A and B, as depicted by the blue 
dashed wavy line in Fig. 1(a). 

Entanglement purification is a process designed to enhance 
entanglement quality, quantified by fidelity, a measure ranging 
from 0 to 1, where 1 indicates a perfect entangled state. This 
operation leverages multiple entangled pairs to distill several 
lower-fidelity pairs into a single higher-fidelity entangled pair. 
As shown in Fig. 1(b), entanglement purification can proceed 
through iterative rounds to improve fidelity. For example, in the 
first round, multiple entangled pairs with an initial fidelity of 
0.8 are combined, resulting in purified pairs with an improved 
fidelity of 0.94 (further details on how this value is derived can 
be found in Section V). A subsequent purification round further 
increases the fidelity to 0.98, producing entangled pairs of 
significantly higher quality. This iterative approach ensures the 
creation of entangled pairs suitable for tasks requiring high-
quality E2E entanglement, such as remote gate execution. 

For simplicity, this research considers the generation of 
maximally entangled pairs (Bell states [24]) between adjacent 
nodes and the implementation of Bell state measurements [25] 
at repeater nodes to facilitate entanglement swapping. Each 
attempt at generation or swapping may succeed or fail, resulting 
in probabilistic and unpredictable routing paths. We assume a 
memory-based entanglement distribution setting in which 
direct-link Bell pairs can be temporarily buffered at 
neighboring nodes and consumed for entanglement swapping 
and purification. The model abstracts the number of currently 
available buffered Bell pairs on a link as the link capacity 
during a scheduling interval. 

B. Entanglement Distribution in DQC 
In DQC and, more broadly, in quantum networks, qubits within 
a QPU are classified as communication or data qubits [26]. 
Communication qubits are specialized qubits within a QPU 
reserved for facilitating inter-QPU operations, primarily by 
enabling the generation and distribution of entangled states 
necessary for networking purposes or remote operations. Data 
qubits are qubits within a QPU dedicated to storing and 

processing quantum information, enabling the execution of 
computational tasks and operations within a quantum circuit. 

In DQC, E2E entanglement enables the execution of remote 
gates through methods such as TeleData and TeleGate [27], 
enabling the transfer of qubits prior to gate execution or the 
direct execution of gates across remote QPUs. With TeleData, 
quantum information stored in a data qubit at one QPU, such as 
|𝜑⟩ stored in 𝑞! at QPU 1 in Fig. 2(a), is teleported to a 
communication qubit at another QPU, such as 𝑞" at QPU 2. This 
teleportation utilizes the E2E entanglement between QPUs, 
specifically the Bell pair |𝑞#𝑞"⟩ in Fig. 2(a). Once |𝜑⟩ is 
teleported to 𝑞", any operations previously requiring interaction 
between 𝑞! in QPU 1 and 𝑞" in QPU 2 can be performed locally 
on QPU 2. In Fig. 2(a) example, a remote CNOT gate is 
executed with the data qubit 𝑞! in QPU 1 as the control qubit 
and the data qubit 𝑞$ in QPU 2 as the target qubit. 

In contrast, TeleGate enables direct gate operations between 
data qubits in different QPUs without teleportation, provided 
E2E entanglement exists between the QPUs. Let us consider the 
same example of a remote CNOT gate with TeleData, where 𝑞! 
in QPU 1, serves as the control qubit and 𝑞$ in QPU 2 acts as 
the target qubit. As shown in Fig. 2(b), this remote gate can be 
executed by performing two local CNOT gates: one between 
the data and communication qubit in each QPU, followed by a 
conditional operation on the data qubit based on the 
measurement outcome of the remote communication qubit. 

Each method has its own advantages and limitations. 
TeleData is beneficial when a quantum state must be transferred 
to another QPU for subsequent local processing and execution. 
However, in distributed and multi-hop environments, repeated 
state relocation through teleportation may introduce additional 
communication and resource overhead. TeleGate, on the other 
hand, enables direct remote gate execution once E2E 
entanglement is established, avoiding explicit data-qubit 
migration between QPUs. However, TeleGate may impose 
stricter requirements on synchronization, gate fidelity, and 
remote operation coordination. Therefore, the trade-offs 
between TeleData and TeleGate depend on the circuit structure, 
hardware architecture, and distributed execution workflow. 

In any case, both TeleData and TeleGate rely on end-to-end 
entanglement to operate effectively. This work focuses on the 
allocation and scheduling of such E2E entanglement resources 
for either approach. The selection between TeleData and 

 
Fig. 1. Examples of (a) entanglement swapping and (b) 
entanglement purification. 
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TeleGate is assumed to be handled by upstream compilation 
and execution layers based on hardware and application 
requirements. 

In a quantum data center, as the demand for executing remote 
gates increases, an overlay network for E2E entanglement 
distribution becomes essential. To facilitate this, each QPU 
must allocate at least one communication qubit to generate 
direct-link entangled pairs. Networking protocols then utilize 
these pairs to establish E2E entanglement between end nodes, 
serving as a fundamental communication primitive. Previous 
research on entanglement distribution often assumed a single 
E2E entanglement request at any given time, requiring only one 
path between two nodes [14], [19], [28], [29]. However, 
quantum data centers typically handle multiple simultaneous 
requests, as quantum circuits often involve numerous remote 
gates, each dependent on E2E entanglement. Some gates can be 
executed in an arbitrary order, while others must be performed 
sequentially, as they depend on the outcomes of preceding gates 
[30]. Additionally, certain gates are restricted to specific QPUs, 
whereas others can be executed on any QPU. These scenarios 
necessitate managing the allocation of entangled qubits 
between neighboring nodes, leading to variations in link 
capacities and emphasizing the importance of fair and efficient 
resource allocation [31], [32], [33]. 

C. Quantum Circuit Partitioning in DQC 
In a quantum data center, a complex circuit is partitioned into 
multiple sub-circuits for distributed execution. This subsection 
outlines the partitioning approach considered in this paper. 

A perfectly distributable quantum circuit is one that can be 
divided into independent sub-circuits that either do not interact 
or interact only minimally with one another. In such cases, each 
sub-circuit can be assigned to a QPU, allowing each QPU to 
contribute independently to the overall computation without 
incurring communication overhead. However, this is rarely the 
case. In a typical quantum circuit, such as the Quantum Fourier 
Transform (QFT), each qubit tends to interact strongly with all 

other qubits [34]. Distributing such a circuit requires the use of 
a quantum compiler to determine the optimal partitioning, 
aiming to minimize the number of gates applied to qubits stored 
on different devices [35], [36], [37], [38], [39]. 

In this paper, we focus on partitioning a quantum circuit such 
that the execution order of gates within a sub-circuit is flexible, 
while the execution order of the sub-circuits themselves must 
be preserved. As shown in Fig. 3, an example quantum circuit 
is divided into six sub-circuits (i.e., 𝑠# to 𝑠%). Each sub-circuit 
contains multiple quantum gates, including remote operations 
(e.g., CNOT gates) between different QPUs. The CNOT gates 
within a sub-circuit can be executed in any order because no 
single data qubit is shared by more than one gate within the sub-
circuit. That is, during circuit partitioning, a dependency graph 
is constructed to identify dependency-resolved remote gates 
that can be executed concurrently. Remote gates without 
overlapping data qubits may be grouped into the same 
scheduling batch, providing flexibility for resource allocation 
and request scheduling. Each remote gate requires a certain 
number of E2E entangled pairs, with higher quantities preferred 
to meet fidelity requirements. This setup enables the 
management of batches of E2E entangled pair requests, either 
from groups of remote gates within a single sub-circuit or 
spanning multiple sequential sub-circuits with dependency 
relationships. The goal is to maximize the number of satisfied 
requests within a given time interval. 

Note the assumption that remote gates within a sub-circuit 
can be executed in arbitrary order represents a simplified setting 
intended to isolate the management problem associated with 
remote-gate scheduling and entanglement allocation. In more 
general quantum circuits, intra-sub-circuit dependencies may 
exist due to shared data qubits or gate ordering constraints. In 
such cases, the proposed framework can naturally incorporate 
these dependencies by extending the dependency set and 
precedence constraints in the MILP formulation and refining 
the dependency graph used by the scheduling algorithms. 

D. Related Work 
Research in entanglement routing, resource management for 
quantum networks, and DQC has gained significant attention in 
recent years due to its critical role in enabling scalable quantum 
systems and the ongoing advances in hardware.  

Entanglement routing is a key aspect of quantum networks, 
focusing on the efficient distribution of entangled states across 
multiple network nodes. Routing strategies have been proposed 
to maximize the availability of E2E entangled pairs while 
considering the probabilistic nature of quantum link generation. 
For example, works such as [11], [12], [19], [22], [40], and [41] 

 
Fig. 2. Executing (a) TeleData or (b) TeleGate for a remote 
CNOT gate between QPU 1 and QPU 2. 

 
Fig. 3. An example partitioned quantum circuit. 
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introduce key components, architectures, and analyses for the 
quantum internet. Additionally, other studies focus on dynamic 
and adaptive routing protocols to establish E2E entanglement 
under resource constraints [14], [42], [43]. Some of these 
methods incorporate classical networking techniques, such as 
multipath and graph-based routing [28], [44], [45], [46]. These 
methods are refined to accommodate the unique constraints of 
quantum systems, including the imperative to maintain fidelity 
and mitigate the deleterious effects of decoherence. Despite 
these advancements, current techniques often assume idealized 
settings with limited scalability, leaving room for exploration 
in real-world quantum network configurations. Many existing 
studies simplify the problem by assuming the presence of only 
a single user request at any given time. 

Efficient resource management is crucial for supporting 
distributed quantum tasks such as entanglement generation, 
teleportation, and remote gate execution, particularly in cases 
involving simultaneous user requests. Works such as [47], [48], 
[49], [50], and [51] have developed optimization models to 
allocate quantum resources effectively, considering factors like 
link capacity and fidelity requirements. Additionally, 
reinforcement learning has been explored in studies like [52], 
[53], [54], and [55] to address the dynamic nature of quantum 
resources. Despite these advances, practical implementations 
are constrained by the inherently short-lived nature of states and 
the necessity for precise synchronization across nodes. 

DQC relies on partitioning large quantum circuits across 
multiple QPUs to overcome the qubit limitations of individual 
processors. Early work on DQC, such as [56], [57], [58], [59], 
[60], and [61], introduced foundational approaches for quantum 
circuit partitioning and remote execution using teleportation 
and entanglement swapping. More recent studies, including 
[62] and [63], have addressed optimizing communication 
overhead by developing strategies that reduce the number of 
remote gates and enhance the fidelity of shared entanglement. 
In addition, there are studies that focus on deadline scheduling 
in DQC [64]. While these efforts have laid a strong foundation, 
challenges remain in ensuring efficient coordination between 
QPUs and minimizing delays in large-scale quantum systems. 

In particular, Bahrani et al [48] studied resource management 
and circuit scheduling in DQC interconnect networks, focusing 
on circuit-level problems such as QPU allocation, circuit 
assignment, and execution scheduling across heterogeneous 
DQC hardware. In contrast, this paper focuses specifically on 
dependency-aware entanglement-request scheduling and 
resource allocation after circuit partitioning and remote-gate 
extraction. Our framework abstracts remote operations as 
requests with dependency and fidelity constraints and studies 
lightweight request scheduling under dynamically available 
entanglement resources. 

While significant progress has been made in these areas, to the 
best of our knowledge, no existing resource management 
framework specifically targets quantum data centers by 
abstractly modeling the components of a partitioned quantum 
circuit executed in a DQC environment. Furthermore, there is 
limited research focused on developing effective and efficient 
algorithms for resource management in DQC or quantum 

networks. Given the current scale of DQC architectures, 
particularly in quantum data centers, simple algorithms could 
suffice in many cases. However, most existing works emphasize 
sophisticated methods such as reinforcement learning or 
optimization solvers, which may compromise practicality due to 
their complexity, offering only marginal performance 
improvements. Additionally, few studies address the trade-offs 
between execution time and fidelity in resource-constrained 
environments. This paper addresses these gaps. This work 
focuses on the scheduling and allocation of entanglement 
resources after circuit partitioning and abstracts lower-level 
aspects such as compilation strategies, protocol selection, and 
physical entanglement-control mechanisms. Many prior 
approaches focus on different problem formulations, including 
adaptive routing, dynamic traffic control, or learning-based 
quantum network optimization, which are complementary to the 
request-driven scheduling abstraction considered in this work. 
 
III. TOPOLOGIES 
In this section, we introduce potential network topologies for 
connecting QPUs in quantum data centers. A straightforward 
approach is to adopt topologies inspired by those used in early 
classical data centers [65], [66], and analyzed in the context of 
quantum networks [67], [68], [69], [70]. One example is the 
widely discussed entanglement switch [71], [72], designed for 
dynamically switchable entanglement networks, which, in its 
early stages, is expected to resemble a Clos network, a 
multistage circuit-switching network [73]. By adding stages, a 
Clos network reduces the number of cross points needed to 
construct a large switch, e.g., a hub. In this context, the 
distribution of E2E entanglement is analogous to circuit 
switching in classical networks, where a dedicated 
communication path is established between end nodes for the 
duration of the connection. Based on these principles, we 
explore two types of initial topologies for quantum data centers: 
DCell and BCube [74]. 

DCell and BCube were both originally developed to address 
the limitations of traditional hierarchical data center networks, 
offering scalability, fault tolerance, and manageability. These 
topologies are well-suited for quantum data centers, where 
efficient interconnectivity between QPUs is critical for DQC. 
DCell is defined recursively: a DCell at one level (referred to as 
Cell 0) acts as a building block for higher levels (Cell 1, Cell 2, 
etc.). For example, the topology shown in Fig. 4(a) is a 5-cell 
DCell topology. Note that Quantum Hubs (i.e., Q-Hubs) in a 
DCell mainly serve as internal optical switches within a cell 
while facilitating intra-cell switching. BCube, on the other 
hand, employs a multi-level recursive design inspired by the 
hypercube. In this topology, QPUs are interconnected through 
multiple layers of switches, creating a structure that supports 
robust connection paths and efficient fault recovery. As shown 
in Fig. 4(b), a 2-level BCube topology showcases the layered 
interconnections between nodes, enabling greater network 
capacity and manageability compared to traditional designs.  

In both topologies, a central controller oversees network 
management, handling tasks such as routing and scheduling for 
entanglement distribution. DCell and BCube topologies are 
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ideal candidates for the inter-rack connections. Nonetheless, we 
envision a hybrid approach in near-term quantum data centers: 
using DCell and BCube for inter-rack connectivity and 
employing simpler topologies, such as star or tree 
configurations, for intra-rack connections. In this paper, we 
focus on the inter-rack topologies DCell and BCube due to their 
high connectivity, rich path diversity, and multiple alternative 
routing paths, which are desirable properties for entanglement 
distribution and remote-gate execution in DQC environments. 
In contrast, more traditional topologies (e.g., fat-tree) generally 
exhibit more hierarchical structures and different contention 
characteristics. A broader comparison across topology designs 
is left for future work, which can also explore the integration of 
intra-rack connections to complement these designs. 

We refer to the topologies formed by physical quantum 
channels, such as DCell and BCube, as physical topologies. To 
enable the distribution of E2E entanglement, a pre-
establishment phase is required, during which each node 
generates a direct-link entangled pair with its neighbors, 
commonly known as an entanglement link. In contrast to the 
physical topology, we define the topology formed by 
entanglement links as the instant topology, reflecting its 
dynamic nature. Ideally, the instant topology would match the 
physical topology if direct-link entanglement generation were 
fully successful. However, in practice, the instant topology is 
often a subset of the physical topology, with link attributes 
reflecting varying entanglement link fidelities and capacities. 
The concept of the instant topology will be frequently 
referenced throughout this paper. Each scheduling interval 
operates on a newly generated instant topology and associated 
buffered entanglement resources. To simplify the model, 
unused Bell pairs and previously established E2E entanglement 
are not assumed to persist across scheduling intervals. 
Entanglement resources must be consumed before decoherence, 
which is abstracted through coherence-time constraint. 

 
IV. RESOURCE MANAGEMENT 
Quantum data centers face unique constraints that do not apply 
to classical data centers. For instance, although a qubit can be 
transmitted to a remote node by encoding it into a photon’s 
degree of freedom and sending it through a fiber link or free 
space, any loss of the photon due to attenuation or decoherence 

makes the information it carries irretrievable, as it cannot be 
copied or retransmitted [75]. Entanglement generation is 
probabilistic, resulting in dynamic connections and constantly 
shifting network topologies. Furthermore, entangled states are 
highly unstable, with lifetimes ranging from milliseconds to 
seconds [76]. These challenges necessitate the development of 
adaptive routing and scheduling algorithms to ensure efficient 
and reliable operation [13], [77], [78], [79], [80], [81], [82]. 

Therefore, a specialized resource management approach that 
accounts for quantum data centers’ unique quantum properties, 
components, and architectures is crucial. In this context, we 
foresee two primary types of resource contention: one arising 
from the execution of dense sets of remote two-qubit gates 
within a quantum circuit (i.e., single-tenancy), and another 
stemming from running multiple quantum circuits concurrently 
on the same network (i.e., multi-tenancy). To effectively 
address resource contention in these scenarios, the approach 
must maximize the number of satisfied requests, referred to as 
network throughput, at any given time while ensuring fairness 
by proper request sequencing and satisfying request priority. 
Each request represents a remote operation requiring E2E 
entanglement resources, independent of the specific remote-
gate implementation protocol. In this paper, the evaluation 
focuses on requests generated from a single partitioned circuit 
to study the core resource management behavior under 
controlled conditions. However, the proposed request-driven 
framework itself is not inherently restricted to single-tenancy 
and can also support requests originating from multiple 
concurrent workloads. 

In a single-tenancy quantum data center, a quantum circuit is 
partitioned by a circuit compiler such that the order of remote 
gates within a sub-circuit is arbitrary, while the order of sub-
circuits remains essential, as illustrated in Fig. 5(a). The 

 
Fig. 4. DCell and BCube topologies for quantum data centers. 

 
Fig. 5. Example of (a) circuit partition and (b) network-
aware orchestration (this paper focusing on scheduler). 
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partitioned sub-circuits are then processed by a scheduler to 
generate an instruction set for the generation of E2E 
entanglement, as shown in Fig. 5(b). Multiple QPUs may be 
located in different network cells within the quantum data 
center. At any given time, the scheduler handles numerous sub-
circuits containing remote gates that request E2E entangled 
pairs between QPUs. Many of these requests may rely on the 
same link to establish the required entangled pairs, but the 
available resources on each link are limited. The proposed 
framework operates at the resource-management layer after 
circuit partitioning and remote-gate extraction. Based on these 
configurations, the resource management process in a quantum 
data center is defined as follows.  

The symbols and notations used in this paper are listed in 
Table I. As indicated, 𝐺(𝑉, 𝐸) represents the physical topology 
of a quantum data center, where each node 𝑣 ∈ 𝑉 corresponds 
to a QPU, and each edge 𝑒 ∈ 𝐸 represents a link connecting two 
QPUs. Each link 𝑒 has a maximum capacity of 𝐶&, representing 
the maximum number of entanglement generations it can 
support between adjacent nodes. At any given time, the active 
link capacity, denoted as 𝑐& ≤ 𝐶&, refers to the number of 
entangled pairs that have been successfully generated on the 
link 𝑒. Each direct-link entangled pair initially has a fidelity 𝑓&. 
Note that 𝐺(𝑉, 𝐸), with zero entanglement edges removed, i.e., 
𝑐& = 0, , is called the instant topology. 

At a given time, there exists a batch of requests from a group 
of remote gates, 𝑅, requiring E2E entangled pairs between 
distant QPUs for execution in a specific sequence. The batch of 
requests considered during a scheduling interval is determined 
by the upstream orchestration/runtime layer after dependency 
analysis. Specifically, only dependency-resolved remote-gate 
requests eligible for execution under the current entanglement-
resource window are included in the current batch. 

These remote gates can be from one or more sub-circuits 
within a single quantum circuit or across multiple circuits. Each 
remote gate request 𝑟 is characterized by two required QPUs, a 
duration 𝑑' to complete, a weight 𝑤', a maximum acceptable 
path length ℎ'()* (i.e., the maximum number of hops), a 
minimum fidelity 𝑓' and a dependency set, 𝐷', containing the 
requests that need to be finished before it. Multiple paths are 
identified for each request 𝑟, denoted by Ρ', with each path 𝜌 
having a hop length ℎ'

+. For simplicity, it is assumed that all 
entangled pairs share a uniform coherence time 𝑡,-, meaning 
all requests must be completed within this timeframe. 

The management process for requests from remote gates in a 
quantum data center is summarized as follows: 

1. Each node generates entangled pairs with its neighbors, 
forming an instant topology 𝐺(𝑉, 𝐸) in which each link’s 
capacity is determined by its entanglement generation 
outcome. Each direct-link entanglement within a link is 
generated with a probability of 𝑝. 

2. The network receives a batch of requests, 𝑅, from a group 
of sub-circuits, which contain remote gates. 

3. A set of paths, Ρ', are identified for each request 𝑟. The 
number of paths |Ρ'| for each request should be limited 
to |Ρ'|()* to ensure fairness. 

4. The best path selection and start time for each request are 
determined. 

5. Go to 1 and repeat the process for the next batch of 
requests. 

The challenge in this process involves selecting the optimal paths 
and arranging the correct sequence of requests in step 4. 
 
V. OPTIMAL AND SIMPLER STRATEGIES 

As previously discussed, quantum data centers face unique 
constraints that are not present in classical data centers, 

TABLE I.  SYMBOL TABLE 

Notation Description 

𝐺(𝑉, 𝐸) The network topology in a quantum data center, with 
nodes represented by set 𝑉 and links by set 𝐸. 

𝑐! The number of currently available buffered Bell pairs 
on link 𝑒 ∈ 𝐸	during a scheduling interval. 

𝑓! Fidelity of a direct-link entanglement generated by link 
𝑒. 

𝑅 Set of requests from a group of remote gates. 

𝑠" Start time for request 	𝑟 ∈ 𝑅. 

𝑑" Simplified request duration associated with request	𝑟. 

𝑤" Relative priority/importance weight associated with 
request 	𝑟. 

𝐷" Dependency set for request 𝑟. The request 𝑟 can only 
begin after all the requests in 𝐷" have been completed. 

ℎ"#$% Maximum number of hops for each path associated 
with request 𝑟 to satisfy the minimum entanglement 
rate for request 𝑟. 

𝑓"#&' Fidelity threshold for request 	𝑟. 

Ρ" A set of paths that connect QPUs required for the 
request 𝑟.  The paths are arranged in ascending order by 
their length. 

𝑓"
( Fidelity that can be achieved by using the path	𝜌 ∈ Ρ"	 

for request 	𝑟. 

𝑓!
( Distilled link fidelity on link 𝑒 for path 𝜌. 

ℎ"
( Length of path	𝜌 (number of hops) for request 	𝑟. 

𝑐"
( The capacity required for purification and meeting the 

fidelity requirement of request 𝑟 over path 𝜌. 

𝜉"
( Entanglement rate for request 	𝑟 along path	𝜌. 

𝑝 Direct-link entanglement generation success 
probability. 

𝑞 Entanglement swapping success probability. 

𝑡)* The coherence time of the Bell pairs in a quantum data 
center, which serves as the deadline for completing all 
requests in 𝑅.  
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requiring specialized strategies. In this section, we define the 
problem and present the proposed models and algorithms for 
resource management in DQC within quantum data centers. 

A. Optimization by Mixed Integer Linear Programming 
Given 1) a set of requests for E2E entanglement, each with 

an associated weight, fidelity requirement, a dependency set, 
and duration, 2) a set of candidate paths for each request, where 
each path has a certain length, fidelity level, and requires a 
specific number of purified Bell pairs to meet fidelity targets, 
together with 3) a network graph with limited link capacities, 
and a coherence time that bounds how long any request can take 
to complete, the problem is to determine 1) which path should 
be selected for each request, and 2) when each request should 
start, such that the total weighted number of successfully 
served requests (called the weighted throughput) is maximized, 
while ensuring 1) no link exceeds its capacity, 2) selected paths 
meet fidelity requirements, 3) dependencies are respected, 4) 
paths are not too long, and 5) all requests finish in time.  

With that, we define the allocation MILP problem as follows: 

maximizeE E 𝑥'
+ ∙ 𝑤' ∙ 𝜉'

+

∀+∈0!∀'∈1
 (1) 

subject	to   
E E 𝑥'

+ ∙ 𝑐'
+

∀+∈0!:&∈+∀'∈1
≤ 𝑐& , ∀𝑒 ∈ 𝐸 (2) 

𝑠3 + 𝑑3 ≤ 𝑠' , ∀𝑟 ∈ 𝑅, ∀𝑖 ∈ 𝐷' (3) 

ℎ'
+ ≤ ℎ'()* , ∀𝜌 ∈ Ρ' , ∀𝑟 ∈ 𝑅 (4) 

𝑓'
+ ≥ 𝑓'(34, ∀𝜌 ∈ Ρ' , ∀𝑟 ∈ 𝑅	 (5) 

max
∀'∈1

(𝑠' + 𝑑') ≤ 𝑡,- (6) 

The objective of the optimization problem in (1) is to 
maximize the weighted network throughput for a given set of 
requests, which need to be satisfied within one coherence time. 
The request weight 𝑤' represents the relative importance or 
priority of a remote-gate request in the scheduling process. 
Depending on the application scenario, it may reflect factors 
such as communication demand, execution priority, or the 
significance of the corresponding circuit operation. Moreover, 
the coherence time here is used as a resource-validity and 
scheduling-feasibility bound rather than a fixed cycle. Requests 
must complete before decoherence renders the generated 
entanglement resources unusable. The weighted throughput 
ensures that requests with higher weights are executed with 
choices of shorter path or more paths (i.e., higher rate for higher 
weight) within the constraints.  The decision variables are 
U𝑥'

+, 𝑠'V where 𝑥'
+ ∈ {0,1} denotes the selection of the path 𝜌 

for request 𝑟 (with 1 indicating 𝜌 is selected, otherwise, 0), and 
𝑠' denotes the start time of the request 𝑟, which ensures the 
predefined request precedence. The primary decision variable 
is 𝑥'

+, which determines whether request 𝑟 is scheduled. The 
variable 𝑠' is additionally introduced to enforce scheduling 
feasibility. 𝑤' indicates the weight of the request 𝑟. 𝜉'

+ denotes 
the resulting E2E entanglement rate for the request 𝑟 when 
using the path 𝜌 and can be computed by 𝜉'

+ = 𝑞5!
"6# (i.e., the 

success probability of a sequence of swapping operations). Note 
that the direct-link entanglement generation success probability 
𝑝 is implicitly reflected in the generated instant topology and 
the resulting available link capacities. The objective 
formulation explicitly models the E2E entanglement swapping 
success probability. 

The constraint in (2) ensures the selected paths together do 
not exceed the capacity of any link in any path. 𝑐'

+ denotes the 
capacity path 𝜌 required for purification to meet the fidelity 
requirement of the request 𝑟 (i.e., each link in that path 𝜌 has a 
need to have available capacity greater than 𝑐'

+).  
Before computing 𝑐'

+, we need to know the minimum fidelity 
each link in the path 𝜌 needs to have, to achieve 	
𝑓'(34, given the number of swapping needed. That is, we need 
to consider fidelity changes after a number of swaps (fidelity as 
a function of path length). For a path with a length of ℎ'

+ and 
distilled link fidelity for the path	𝜌, 𝑓&

+, the resulting fidelity of 
the E2E Bell pair path 𝜌 can achieve (after undergoing 𝑙'

+ − 1 
nested swap operations) can be expressed as [83]: 

𝑓'
+ =

1
4 +

3
4^
𝜙(4𝜂" − 1)

3 a
7!
"6"

^
4𝑓&

+ − 1
3 a

7!
"6#

 (7) 

where 𝜙 is the two-qubit gate fidelity and 𝜂 is the 
measurement fidelity of the swapping operation. To compute 
𝑓&
+, we need to consider the purification relationship between 

resulting fidelity and direct-link Bell pair fidelity 𝑓&. Without 
loss of generality, by considering bit flip errors only, the 
resulting fidelity after purification using two Bell pairs can be 
computed by [42]: 

𝐹(𝑓#, 𝑓") =
𝑓#𝑓"

𝑓#𝑓" + (1 − 𝑓#)(1 − 𝑓")
 (8) 

If we consider the uniform fidelity of Bell pairs on the same 
edge, then, 𝑓# = 𝑓", and the formula becomes 𝐹(𝑓) = 8#

"8#6"89#
. 

In principle, this process can be applied recursively to achieve 
arbitrarily high fidelities by consuming a number of Bell pairs. 
Using a recursive approach can determine the round of 
purifications (or the number of Bell pairs) needed to achieve the 
target fidelity, which thus computes 𝑐'

+. For effective purposes, 
an iterative approximation can be applied. More details can be 
found in Appendix A.  

Let us assume we use the same number of direct-link Bell 
pairs in each link of the path. 𝜌. That is, 𝑐'

+ = 𝑛 + 1 where 𝑛 is 
the round of recursive purification conducted. Then, we have 
the same distilled link fidelity on each link for the path 𝜌, i.e., 
𝑓&
+. Then, with (8), we have: 

𝑓&
+ = d

𝐹4 = 𝐹46#(𝐹46", 𝑓&), 	𝑛 ≥ 2
𝐹# = 𝐹(𝑓& , 𝑓&), 	𝑛 = 1

𝐹! = 𝑓& , 	𝑛 = 0
 (9) 

where 𝐹46# is a recursive form based on (8) when n>=2. 𝐹# 
is the same as (8) and 𝐹! = 𝑓&. Let 𝑓'

+ = 𝑓'(34 and solve for 𝑛 
using (7) and (9), we get 𝑐'

+ = 𝑛 + 1. Note that the current 
formulation abstracts storage-related decoherence effects 
through 𝑡,- constraint and does not explicitly model memory 
occupancy evolution or fidelity degradation during storage. 
Incorporating persistent entanglement storage, memory-aware 
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scheduling, and cross-batch entanglement reuse is an important 
direction for future work. 

The constraint in (3) ensures that requests must respect 
predefined sequences and dependencies. If request 𝑖 precedes 
request 𝑟 (i.e., 𝑖 ∈ 𝐷'), the completion time of the request 𝑖 (i.e., 
𝑠3 + 𝑑3) must be less than or equal to the start time of the request 
𝑟, 𝑠'. The constraint in (4) ensures the practicality of each path 
by setting a maximum path length for each path associated with 
the request 𝑟 to satisfy the minimum entanglement rate for the 
request 𝑟. The constraint in (5) ensures the fidelity achieved by 
using the path 𝜌 for request 𝑟 is greater than the fidelity 
threshold for the request 𝑟. The constraint in (6) ensures the 
latest completion time of all requests is less than the coherence 
time of the Bell pairs in a quantum data center (i.e., the deadline 
for completing all requests of the current batch). 

Note that in the current formulation, the request duration 𝑑' 
is modeled as a fixed abstract parameter to simplify the 
scheduling problem and isolate the impact of resource 
allocation and scheduling. While realistic execution latency 
may depend on path length, swapping operations, purification 
rounds, and classical coordination overhead, these effects are 
partially reflected through fidelity, path-length, and resource-
consumption constraints rather than explicit path-dependent 
service times. An extension can be incorporated by defining 𝑑' 
as a function of the selected path and associated operations.  

Furthermore, it is worth noting that if the batch of requests is 
time-sensitive, where we want to minimize the maximum 
completion time (makespan) while maximizing throughput, the 
objective function can be changed to reflect the dual objectives 
(note that the makespan in this work should be interpreted as an 
abstract scheduling-feasibility bound rather than a detailed 
latency-accurate execution model). These two objectives often 
conflict: maximizing throughput could increase execution time 
due to resource saturation, and minimizing execution time 
might reduce the opportunities to maximize throughput. Thus, 
if makespan matters so much that throughput can be 
compromised (or balanced), it can be modeled as a dual-
objective optimization problem that simultaneously maximizes 
throughput and minimizes execution time. The second 
objective can be expressed as 

minimize𝑂" = minimizemax
∀'∈1

(𝑠' + 𝑑')	 (10) 
Given the dual objectives, we can model them as a weighted 

sum objective: 
maximize 𝛼𝑂# − 𝛽𝑂"	 (11) 

where 𝑂# is the first objective function 𝑂# =
∑ ∑ 𝑥'

+ ∙ 𝑤' ∙ 𝜉'
+

∀+∈0!∀'∈1  in (1). 𝛼 and 𝛽 are weights indicating 
the importance of maximizing throughput and minimizing 
execution time, respectively. 

Alternatively, we can use a 𝜀-constraint model where one 
objective is optimized while the other is included as a constraint 
to be satisfied: 

maximize𝑂# 		𝑠. 𝑡.		𝑂" ≤ 𝜀 (12) 
or vice versa, where 𝜀 is a threshold that you are willing to 

accept for the constrained objective. 
Nonetheless, in the rest of this paper, for simplicity, we 

consider throughput the sole objective as shown in (1) and 
include global makespan as a constraint to be satisfied. The 

threshold for the constrained makespan is that it is always less 
than 𝑡,-, which makes the allocation feasible. 

B. Resource Optimization with Non-overlapping Constraint 
In certain scenarios within a quantum data center, it is 

essential to ensure that no two requests are scheduled to overlap 
in time on the same machine. For example, consider a scenario 
where a quantum data center is tasked with processing several 
remote gates that require the utilization of a specialized QPU. 
Each request needs to execute quantum algorithms that involve 
complex calculations such as factoring large numbers, 
simulating molecular interactions, or optimizing financial 
portfolios. These tasks are computationally intensive and 
sensitive to the precise control of quantum states, necessitating 
dedicated access to the QPU resources. 

If two requests, 𝑖 and 𝑟, are assigned to the same QPUs and 
their execution times overlap, it could lead to quantum state 
interference, erroneous computation results, or degradation in 
system performance. For instance, if the remote gates of request 
𝑖 involves preparing and measuring quantum states that are 
susceptible to decoherence over time, and gates in request 𝑟 
concurrently starts an operation that unintentionally impacts 
these states due to shared resource contention, both requests 
might fail to achieve their goals. To manage this, we can utilize 
a non-overlapping constraint expressed as below, which can be 
added to (1)’s constraint set when necessary: 

𝑠3 + 𝑑3 ≤ 𝑠'		𝑜𝑟		𝑠' + 𝑑' ≤ 𝑠3 , ∀𝑖, 𝑟 ∈ 𝑅, 𝑖 ≠ 𝑟 
𝑖𝑓	{𝑎3 , 𝑏3} ∩ {𝑎' , 𝑏'} ≠ ∅ (13) 

where 𝑎3 and 𝑏3 are the source node and the destination node 
of the request 𝑖, respectively. This constraint ensures that for 
each pair of requests assigned to the same QPUs, one of the 
following conditions must hold: either the completion time of 
the first request must be less than or equal to the start time of 
the second request, or the completion time of the second request 
must be less than or equal to the start time of the first request. 
The “if” condition checks if there is any common node between 
the sets of source and destination nodes of requests 𝑖 and 𝑟. This 
captures any overlap among the source and destination nodes of 
the two requests.  

To model the logical operations in (13) so as to implement 
this constraint effectively in a MILP model, we can use a big-
M model to linearize the disjunction [84]. We can introduce a 
binary variable indicating whether the request 𝑖 is scheduled 
before the request 𝑟, 𝑦3' ∈ {0,1}. It equals 1 when the request 𝑖 
is in the dependency set of the request 𝑟. Then, the constraints 
can be: 

𝑠3 + 𝑑3 ≤ 𝑠' +𝑀(1 − 𝑦3'), 𝑠' + 𝑑' ≤ 𝑠3 +𝑀𝑦3'	 
∀𝑖, 𝑟 ∈ 𝑅, 𝑖 ≠ 𝑟 (14) 

where M is a sufficiently large number that makes the 
constraint non-binding when not required. 

C. Scheduling by Simpler Strategies 
MILP may be appropriate if the primary goal is to determine 

an optimal allocation of paths and resources for a static set of 
requests and constraints without factoring in the time required to 
compute the solution. It is particularly effective when 
relationships can be linearized, and the environment remains 
stable. However, in a quantum data center, the instant topology 
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changes dynamically with each coherence time, and incoming 
request batches are inherently dynamic. More critically, in the 
current NISQ era, the coherence time is very short, necessitating 
fast solutions to address the current instant topology before it 
changes. To address these challenges, we propose a set of 
efficient, simple scheduling algorithms as follows. 

We first propose the Least Resource First (LRF) scheduling 
algorithm, which prioritizes paths that consume the least 
resources. It selects paths that leave the maximum resources 
available post-allocation while respecting the dependency 
relationships between requests. Specifically, it evaluates multiple 
paths for each request to identify the one that minimizes resource 
usage, thereby reducing the impact on the overall system 
capacity. LRF prevents over-commitment to resource-intensive 
requests, reducing the risk of scheduling bottlenecks. Its solution 
space is relatively small, making it exceptionally efficient. 

To enhance performance by expanding the solution space, we 
extend LRF to propose the Group LRF (GLRF) algorithm. GLRF 
processes a group of requests (e.g., two requests per group) 
simultaneously, selecting paths collectively that leave the most 
resources free after allocation. This broader exploration of the 
solution space provides better optimization compared to 
processing requests individually with LRF. For instance, when 
evaluating solutions for a batch containing 𝑘 requests, GLRF 
considers 𝐶(𝑘, 2) possible combinations, while LRF only 
evaluates 𝑘. Here, 𝐶(𝑘, 2) represents the “given k choose 2” 
combinatorial. By assessing the collective impact of multiple 
requests on resource allocation, GLRF identifies more effective 
solutions. Prior to path selection, requests are sorted based on 
their precedence sets using a directed acyclic graph (DAG) by 
topological sorting. 

Considering the importance of weighted throughput (not just 
throughput), we further introduce the Weighted GLRF 

(WGLRF) algorithm, which incorporates request weights into 
GLRF. WGLRF prioritizes groups of requests with higher total 
weights, where group weight is the sum of the weights of all 
requests in the group. This improves performance by 
emphasizing high-priority requests. Like GLRF, WGLRF 
explores group-based solutions but adds a weight-based 
prioritization step. The three algorithms, LRF, GLRF, and 
WGLRF, are computationally efficient, with WGLRF closely 
approximating optimization results in many scenarios. 

Since WGLRF encompasses the functionality of both GLRF 
and LRF, we present only the pseudocode for WGLRF in 
Algorithm 1. For simplicity, the pseudocode shows the 
assignment of a single path to each request. However, it can be 
easily adapted to assign multiple paths to a single request when 
additional link capacity is available after all requests in the batch 
have been assigned one path. Weighted topological sorting is 
used to order non-dependent vertices by weight during 
topological sorting [85]. 

WGLRF naturally promotes a more balanced distribution of 
load across system resources, preventing overuse of any 
particular link by focusing on minimizing resource usage. In 
multi-request or multi-tenant environments, this ensures that no 
single request monopolizes resources, improving overall fairness 
and request satisfaction. The WGLRF strategy is conceptually 
straightforward and can be implemented using simple algorithms 
to evaluate resource usage for each path.  

Note that, in all methods, paths are evaluated to ensure they 
meet the fidelity requirements of a request before being assigned. 
Paths that cannot achieve the required fidelity through 
entanglement purification are excluded from consideration. 
Additionally, requests with unresolved dependencies are 
temporarily deferred until their dependencies are resolved, and 
requests that cannot be satisfied within the current timeframe are 
carried over to the next batch. 

 
VI. EVALUATION 
To evaluate the performance, we use the simple First Come First 
Served (FCFS) algorithm as a lower-bound benchmark and the 
CPLEX MILP solver [86] for optimization problem (1) as an 
upper bound. FCFS processes requests based on their 
dependencies and weights, starting with those that have none and 
progressing to those with increasing levels of dependency. 

A. Time Complexity 
Branch-and-bound is widely used in integer programming to 

solve MILP problems, including CPLEX. The method 
systematically divides the problem (branching) and uses solution 
bounds of subproblems (bounding) to gradually narrow down the 
search for the optimal solution. In our case, each branching point 
(or decision) in the solution space can potentially result in the 
generation of two new subproblems or branches. This bifurcation 
occurs because each variable at a decision point can lead to two 
distinct paths: one where the variable is included in the solution 
and one where it is not. As a result, the number of subproblems, or 
nodes in the decision tree, can double with each additional variable. 
This exponential growth in the number of nodes that need to be 
evaluated reflects the inherent complexity of the problem. 

Given that 𝑛 potential paths are identified for the requests in a 

Algorithm 1. Weighted Group Least Resource First (WGLRF) 
Input:  Graph 𝐺, Requests 𝑅 and the number of requests per group 
𝑛 
Output: Assignment of paths to requests with start times 

assignment ← empty dictionary 
# Sort requests by weighted topological order 
sorted_requests ← weighted_topological_sort_requests(𝑅) 

for 𝑖 from 0 to len(sorted_requests) step 𝑛 do  
      group_requests ← sorted_requests[𝑖:𝑖 + 𝑛] 
      for each request 𝑟 in group_requests do 
            earliest_start ← get_earliest_start_time(assignment) 
            min_resource_usage ← infinite 
            for each path	𝜌 in 𝑟['paths'] do  
      resource_usage ← get_required_bell_pairs(𝐺[𝑢][𝑣]['fidelity'], 
                        	𝑟['min_fidelity'], len(𝜌)) 
                  # Check path feasibility and path optimality 
                  if 𝐺[𝑢][𝑣]['capacity'] ≥  resource_usage and 
                         resource_usage < min_resource_usage then  
                         # Assign path to request with the earliest start time 
                         append (𝑟, 𝜌, earliest_start) to assignment	
                         𝐺[𝑢][𝑣]['capacity'] −=  resource_usage 

return assignment 
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batch, with each path requiring a binary decision (branch), the total 
number of possible combinations of these decisions is 24. This 
corresponds to the total number of leaf nodes in a fully expanded 
binary tree, with each node representing a subproblem that may 
need to be resolved in the worst case. Consequently, the time 
complexity of a branch-and-bound-based solver is 𝑂(24). The 
complexity of handling dependency constraints is negligible 
compared to 24 and thus is omitted. Let 𝑘 represent the number of 
requests and 𝑚 denote the constant number of potential paths per 
request. Since the total number of paths 𝑛 = 𝑘 ∗ 𝑚, the complexity 
can be represented as 𝑂(2:). 

In FCFS, requests are processed sequentially based on the order 
of arrival and the resolution of their dependencies. This can be 
achieved using topological sorting, which has a time complexity of 
𝑂(𝑘 + 𝛿), where 𝛿 represents the number of directed edges in the 
dependency graph. Each edge is a precedence constraint, meaning 
that one request must be completed before another can begin. 

LRF not only processes requests based on their dependency 
resolution but also evaluates which path for each request 
minimizes resource usage. This involves a comparative analysis of 
all paths per request to determine the one that leaves the most 
resources free. It involves determining the least-resource path 
among all paths of a request, together with dependency checks. 
This process sequentially evaluates each path until a valid one is 
found. Assuming a uniform distribution of paths across requests, 
the complexity is 𝑂(𝑘 ∗ 𝑚 + 𝛿), thus 𝑂(𝑘 + 𝛿). 

In GLRF, requests are grouped based on criteria like minimum 
dependencies. For each group, GLRF evaluates multiple paths for 
each request in the group to determine which combination of paths 
across all requests in the group minimizes the total resource usage. 
First of all, we still need topological sorting, which is 𝑂(𝑘 + 𝛿). 
Then, for fixed group sizes, resource evaluation for each group has 
a complexity related to the combinations of requests within each 
group. For each group, 𝐶(𝑘, 𝑔) = 𝑂(𝑘;) combinations may be 
considered, where 𝑔 is the number of requests within the group. 
Including the sorting and grouping, the complexity can be 
represented as 𝑂(𝑘 + 𝛿 + 𝑘; ∗ 𝑚 ∗ 𝑘 𝑔⁄ ). Since 𝑚 and 𝑔 are 
constant, the complexity is 𝑂(𝑘 + 𝛿 + 𝑘;9#) and thus 𝑂(𝑘;9#). 

WGLRF is similar to GLRF, but adds a preliminary step of 
weighting groups, which might involve additional complexity 
depending on how weights are calculated and how groups are 
formed. This can add an 𝑂(𝑘𝑙𝑜𝑔𝑘) component for sorting by 
weight before topological sorting. Thus, the complexity of 
WGLRF is 𝑂(𝑘𝑙𝑜𝑔𝑘 + 𝑘;9#). Since 𝑂(𝑘𝑙𝑜𝑔𝑘) grows slower 
than 𝑂(𝑘;9#) for any 𝑔 ≥ 1, it can be simplified as 𝑂(𝑘;9#). 

In short, as expected, the optimization solver’s complexity is 
exponential for the branch-and-bound method to explore the 
solution set. All other algorithms are polynomial. 

B. Simulation Settings 
To evaluate the performance of the proposed simple 

approaches in the aforementioned configuration, we conduct 
simulations using NetworkX [87] to model the dynamic 
network graph. A uniform-distribution-based random number 
generator is used to generate random circuits that produce 
weighted requests with random dependencies. For simplicity, 
the direct-link entanglement generation success probability is 

set to a constant value of 0.8, introducing variability in link 
capacities during the simulation. Note that we use simulations 
as current quantum hardware lacks the scale and reliability for 
dynamic network experiments; real-device emulations remain 
future work, with similar trends anticipated. 

We simulate the 5-cell DCell and 2-level BCube topologies 
separately to assess the methods’ compatibility with different 
network structures. Both topologies are configured with the 
same number of end nodes (QPUs), complemented by quantum 
hubs positioned to facilitate connectivity. Remote gate pairs are 
generated randomly among QPUs, with switches and hubs 
excluded as end nodes. The requests generated from these 
remote gates correspond to E2E entangled pairs required 
between the selected QPU pairs. Network graphs are 
constructed with edge attributes, including maximum capacity 
and initial fidelity of the direct-link entanglement, while 
vertices are categorized as either QPUs or switches. 

A random partitioned quantum circuit, such as the one shown 
at the bottom of Fig. 5(a), is generated to form the basis of the 
simulation. Requests are grouped into batches corresponding to 
the partitioned circuit: gates in a sub-circuit on the right depend 
on the completion of all gates in sub-circuits to its left. Each 
gate generates a request, which includes two randomly selected 
QPUs requiring an E2E entangled pair with a minimum fidelity. 
For each request, five potential paths are identified using a 𝑘-
shortest path algorithm [88]. The proposed algorithms are then 
implemented to determine the optimal combination of paths for 
all (or as many as possible) requests in a batch, considering the 
link capacity constraints and fidelity requirements.  

The simulation iterates over a range of request sets, with each 
set varying by the number of requests, their complexity, and 
interdependencies. Instead of merely counting the total number 
of requests processed, we evaluate the weighted throughput, 
which measures the “value” of requests successfully scheduled 
and completed, reflecting the priority and importance of 
requests handled by the scheduler. Additionally, fairness in 
scheduling is assessed using Jain’s Index [89], a widely used 
fairness metric that measures how evenly resources and 
scheduling opportunities are distributed among requests. Jain’s 
Index is calculated as the square of the sum of allocated 
resources divided by the number of requests multiplied by the 
sum of the squares of the resources allocated to each request. A 
higher Jain’s Index indicates a more equitable allocation of 
resources, which is especially important in scenarios where 
requests vary significantly in priority and requirements. 

C. Simulation Results 
Fig. 6 presents the performance of all the discussed 

schedulers across multiple dimensions in both DCell and 
BCube topologies. Details are in the subsequent paragraphs. 
Note that for all simulations, when a factor is not explicitly 
mentioned or is not a variable on the x-axis, its default value is 
as follows: the link capacity is set to 20, meaning there are 20 
entangled pairs available between two adjacent nodes; the 
minimum fidelity requirement for a request is randomly 
generated between 0.5 and 1; the initial fidelity of a direct-link 
entangled pair is 0.9; the maximum number of paths selected 
per request is 3; the maximum number of hops for a path is 10; 
and the number of requests per batch is 20. The default 
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parameter values were selected to represent practical operating 
conditions for quantum networking and DQC scenarios while 
maintaining meaningful scheduling and resource-contention 
tradeoffs. The selected ranges were also guided by commonly 
used assumptions in prior quantum networking and 
entanglement-routing literature. 

As shown in Fig. 6(a) and (e), for randomly generated 
circuits on DCell and BCube, respectively, the optimization 
solver consistently achieves the best performance. However, 
the weighted throughput achieved by WGLRF closely 
approximates that of the optimization solver, regardless of the 
number of requests in a batch. As anticipated, GLRF performs 
slightly worse than WGLRF but outperforms LRF. All these 
algorithms demonstrate better performance compared to FCFS. 

As shown in Fig. 6(b) and (f), the performance degrades 
significantly as the average minimum fidelity requirement for 
requests increases. This decline is due to fidelity loss during 
entanglement swapping, which uses more entangled pairs to 
meet the fidelity requirement, reducing available resources for 
other requests. Despite this, WGLRF continues to closely 
approximate the optimization solver in terms of weighted 
throughput, and the performance ranking remains unchanged. 

Furthermore, as shown in Fig. 6(c) and (g), while WGLRF 
cannot reach the solver performance when the link capacity is 

low, its performance increasingly approaches that of the solver 
as the link capacity grows. The performance ranking for the 
methods remains consistent. Then, as shown in Fig. 6(d) and 
(h), WGLRF is slightly inferior to the optimization solver at low 
initial fidelity for direct-link entanglement, but its performance 
becomes nearly optimal as the initial link fidelity improves.  

Moreover, the results for requests decomposed from multiple 
real quantum circuits from QASMBench [90], as shown in Fig. 
6(i–p). The evaluated benchmark circuits include dnn (2 qubits, 
226 gates, 42 CNOT gates), error_correctiond3 (5 qubits, 114 
gates, 49 CNOT gates), hhl (7 qubits, 689 gates, 196 CNOT 
gates), ising (10 qubits, 480 gates, 90 CNOT gates), and pea (5 
qubits, 98 gates, 42 CNOT gates). These circuits provide 
varying levels of circuit size and remote-gate complexity for 
evaluating the proposed framework. Larger circuits and higher 
CNOT counts generally generate more remote-gate requests 
and increase resource contention during distributed execution. 
The results obtained using real benchmark circuits closely 
follow the trends observed with generated circuits. In particular, 
WGLRF typically remains within approximately 5-10% of the 
optimization baseline across most evaluated scenarios, while 
exhibiting similar qualitative behavior under varying conditions 
for both DCell and BCube topologies. 

 
 

 
Fig. 6. Simulation results of all methods in DCell and BCube with generated and real quantum circuits. 
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We further conducted simulations to evaluate the fairness and 
runtime of the schedulers. As shown in Fig. 7(a), all algorithms 
exhibit similar fairness, which is expected due to the presence of 
dependency relationships among requests. WGLRF and GLRF 
exhibit slightly improved fairness as the number of requests 
increases. In Fig. 7(b), the execution times of WGLRF, GLRF, 
LRF, and FCFS are significantly lower than those of the 
optimization solver. Among these, the runtime increases slightly 
from FCFS and LRF to WGLRF. Fig. 7(c) and 7(d) present 
results for requests decomposed from the same real circuit set as 
above, which are highly similar to those in Fig. 7(a) and 7(b). 

Overall, WGLRF closely approximates the results of the 
optimization solver when link capacity is relatively sufficient. As 
link capacity increases, the performance of WGLRF 
progressively aligns with that of the solver. Across varying 
minimum fidelity requirements, WGLRF remains close to 
optimal. At low initial link fidelity, WGLRF performs slightly 
below optimal, but it approaches optimal performance as the link 
fidelity increases. All algorithms demonstrate similar fairness, 
influenced by the dependency relationships. Additionally, all 
proposed schedulers (i.e., WGLRF, GLRF, LRF) execute 
significantly faster than the optimization solver, with WGLRF 
maintaining performance comparable to the optimization solver 
in most scenarios. Moreover, our simulations indicate that 
performance in BCube generally surpasses that in DCell. 

These results demonstrate that, despite the tradeoff between 
execution time and weighted throughput, lightweight approaches 
achieve strong performance. Compared to optimization solvers, 
these simple solvers provide a practical solution for managing the 
large number of remote gates. Efficiency gains in processing 
batches of requests can substantially enhance overall 
performance in DQC. Consider a circuit containing thousands of 
remote gates, such efficiency gains per batch become critical for 
executing the entire circuit efficiently. 
 
VII. CONCLUSION 
With the limited computational power of a single quantum 
computer, DQC in quantum data centers has strong potential in 
areas such as cybersecurity, sensing, and pharmaceuticals. 
However, quantum data centers may contain many QPUs 
executing numerous remote gates, each requiring entanglement 
between distinct QPUs with specific fidelity constraints. To 
address congestion and resource contention during E2E 
entanglement distribution, we propose a resource management 
framework tailored for quantum data centers. The problem is 
formulated as an MILP optimization model to serve as an upper-
bound benchmark. We further introduce efficient scheduling 
algorithms that, in many scenarios, perform comparably to the 
optimization solver. Although there is a tradeoff between 
execution time and network throughput, simulations demonstrate 
that the proposed simple methods closely approximate the 
solver’s results in most cases. The results suggest that lightweight 
heuristic scheduling approaches can achieve performance close 
to the optimization baseline under the evaluated DQC resource-
management settings while maintaining substantially lower 
computational complexity. These observations indicate that 
lightweight heuristics represent practical scheduling alternatives 
for the considered request-driven DQC scheduling model. 

 
 
APPENDIX A 
Here, we develop an iterative approximation for 𝑛, the number of 
rounds of purification required to achieve a target fidelity 𝑓3, by 
examining the behavior of the fidelity purification function based 
on (8), assuming the same initial Bell pair fidelity, represented as 
follows: 

𝐹49# =
𝐹4"

𝐹4" + (1 − 𝐹4)"
 (A1) 

(A1) can be simplified under the assumption that 𝐹4 is close to 
1, which is usually the case in practical scenarios where high 
fidelity is needed, and initial fidelities are also reasonably high. 

When 𝐹4 is close to 1, (1 − 𝐹4) is small. Let us denote 𝑥4 =
1 − 𝐹4. The update formula then simplifies to:  

𝑥49# = 1 − 𝐹49# = 1 −
𝐹4"

𝐹4" + (1 − 𝐹4)"

=
(1 − 𝐹4)"

𝐹4" + (1 − 𝐹4)"
≈ (1 − 𝐹4)" 

(A2) 

Thus: 
𝑥49# ≈ 𝑥4" (A3) 

Given (A3), we can see that the error rate decreases 
quadratically with each round. If we start with 𝑥! = 1 − 𝐹!, after 
𝑛 rounds, 𝑥4 will be approximately: 

𝑥4 ≈ (1 − 𝐹!)"
$ (A4) 

To achieve a target fidelity 𝑓3, we need: 

1 − 𝑓3 ≤ (1 − 𝐹!)"
$ (A5) 

Taking logarithms on both sides, we get: 
log(1 − 𝑓3) ≤ 24 log(1 − 𝐹!) (A6) 

Thus: 

𝑛 ≥
log(log(1 − 𝑓3) log(1 − 𝐹!)⁄ )

𝑙𝑜𝑔2  (A7) 

 
Fig. 7.  Simulation results of fairness and execution time. 
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