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ABSTRACT

Combinatorial decision optimization problems arise widely in modern networked

systems, where limited communication, computing, and service resources must be

efficiently allocated under complex operational constraints. Representative examples

include supply-demand matching in data markets, topology control in self-organizing

Unmanned Aerial Vehicle (UAV) swarms, and microservice scheduling across the

cloud-edge continuum. These problems are typically NP-hard, and as system scale

increases or operating conditions evolve rapidly, traditional Mixed-Integer Linear Pro-

gramming (MILP) formulations often become difficult to solve within real-time deci-

sion windows. As a unified binary optimization framework, Quadratic Unconstrained

Binary Optimization (QUBO) provides a common way to map diverse combinatorial

problems to quantum annealing and quantum-inspired solvers with the potential for

significant computational speed advantages. However, the practical use of QUBO

in real networked systems still faces three major barriers. First, QUBO modeling

remains manual, expert-dependent, and error-prone. Second, standard QUBO for-

mulations are inherently static and therefore not well suited to time-varying environ-

ments. Third, the binary representation of QUBO does not naturally align with the

continuous resource allocation requirements of real systems. To address these limita-

tions, this thesis develops a hybrid quantum-classical optimization methodology for

networked systems. It first formulates and validates domain-specific QUBO models

for representative applications. Then it generalizes these efforts through two-stage

hybrid frameworks that combine offline combinatorial optimization with lightweight

online decision-making for dynamic UAV topology control and robust microservice

scheduling. Finally, it investigates large language model driven automation of the

MILP-to-QUBO pipeline and integrates Benders decomposition to improve scalability

for larger problem instances. Overall, this thesis shows that QUBO can serve not only

as a problem-specific solution form, but also as a transferable modeling layer that con-

nects heterogeneous network optimization tasks with near-term quantum hardware,

thereby providing a practical pathway toward quantum-enhanced decision-making.
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Chapter 1

Introduction

Many core management tasks in modern networked systems can be understood as

combinatorial decision optimization under limited resources, dynamic demand, and

latency constraints. Representative scenarios include supply-demand matching in

data markets, topology maintenance in Unmanned Aerial Vehicle (UAV) swarms,

and computation and microservice chain scheduling across the cloud-edge continuum,

as illustrated in Fig. 1.1 [4–6]. These problems require the coordinated handling of

multiple coupled constraints and objectives over discrete decision spaces, and there-

fore their formulation and solution quickly evolve into high-complexity combinato-

rial optimization tasks [3]. Although classical mathematical programming methods,

especially Mixed-Integer Linear Programming (MILP), have long served as impor-

tant tools for solving such problems, relying only on traditional exact optimization

pipelines often makes it difficult to balance solution quality, solving time, and on-

line adaptability when the system scale continues to grow, environmental conditions

change frequently, and decisions must be made within tight time windows [7,8]. This

motivates the need for a more scalable optimization paradigm that can provide a uni-

fied modeling layer between complex discrete decision problems and heterogeneous

computational backends for efficient decision-making in networked systems.

1.1 QUBO as a Modeling Abstraction

In this context, Quadratic Unconstrained Binary Optimization (QUBO) provides a

unified modeling interface for complex discrete decision problems in networked sys-

tems. By compressing selection variables, interaction terms, and constraint penalties
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Figure 1.1: Representative combinatorial decision optimization scenarios in networked
systems, including metaverse data marketplace matching, UAV communication topol-
ogy control, and cloud-edge microservice chaining scheduling.

into a single quadratic binary energy function, it offers a shared representation for

quantum annealers, quantum inspired annealers, and selected classical and hybrid

optimization workflows [9, 10]. Many NP hard combinatorial optimization problems

can be transformed into the Ising model through variable encoding and penalty con-

struction [11]. Since the Ising model is mathematically equivalent to QUBO, this

establishes QUBO as a standard modeling language for such complex problems [12].

However, this unification does not imply that practical deployment is straightforward.

In real systems, constraints usually need to be explicitly embedded in the objective

through penalty terms [13]. Currently, higher order relations, dense variable interac-

tions, and hardware connectivity limitations introduce additional overhead in quadra-

tization, embedding, and decomposition [14]. Therefore, QUBO is better understood

as an intermediate abstraction layer connecting application level modeling to hybrid

solution architectures, rather than as a universal endpoint operating independently

of problem semantics and computational backend [2, 15].

Figure 1.2 summarizes how the thesis positions QUBO within the overall solution

pipeline. Rather than being executed directly on quantum hardware, classical opti-

mization models are first transformed through binarization, penalty reformulation,

and variable encoding into a QUBO representation that is compatible with binary

quadratic optimization workflows [2]. In this sense, QUBO should not be understood

as the final solution method but as an intermediate abstraction layer that bridges

heterogeneous classical formulations and downstream hybrid solution mechanisms.

Once a problem has been expressed in this common form, the same QUBO instance

can be routed to different computational workflows according to the problem scale,

structural properties, and hardware constraints.
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Figure 1.2: From classical optimization models to hybrid solution workflows through
QUBO abstraction.

1.2 Why Hybrid Quantum Classical Architecture

However, reformulating an optimization problem as QUBO does not automatically

translate into scalable practical solvability. Because near-term quantum hardware

remains constrained by qubit count, connectivity, noise, and embedding overhead,

making purely quantum workflows difficult to apply directly to large and dense real-

world instances [16, 17]. A more realistic path is not to completely replace classical

optimization with quantum computation, but to construct a hybrid quantum-classical

architecture [8]. In this design, problem decomposition, constraint management, pa-

rameter tuning, and global search control remain on the classical side, whereas highly

correlated, strongly non-convex, or locally expensive subproblems are delegated to

quantum or quantum-inspired modules [9,18]. Within such an architecture, the clas-

sical solver preserves the overall stability of the optimization process through feasibil-

ity checks, bound updates, node selection, and post-processing, whereas the quantum

component is better positioned as a sampler, heuristic callback, or accelerator for

selected subproblems [18,19].

Existing studies suggest that this division of labor is especially important for solv-

ing QUBO under current hardware conditions. It preserves the interpretability and

control of classical methods while mitigating the performance bottlenecks of purely

quantum approaches on large-scale instances [10]. In this thesis, hybrid is therefore

treated as an architectural principle rather than a simple concatenation of solvers,

with the aim of establishing a scalable and transferable co-optimization mechanism

across heterogeneous computational backends for practical networked systems.
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1.3 Research Gaps and Thesis Questions

Despite the growing interest in QUBO-based and hybrid quantum-classical optimiza-

tion, most existing studies remain at the stage of validating individual problems. Four

research gaps remain between the current state of the art and a transferable, scalable,

and deployable optimization architecture for networked systems, as summarized in

Fig. 1.3.

Figure 1.3: Key barriers between QUBO formulation and deployable hybrid optimiza-
tion in networked systems.

The first gap is the formulation dependence. Existing QUBO workflows still rely

heavily on manual variable encoding, constraint penalization, penalty calibration, and

formulation-specific trade-offs, which limits reuse and complicates integration into

conventional optimization pipelines [12, 13, 15].The second gap is better character-

ized as workflow rigidity rather than a formal limitation of the QUBO mathematical

model itself. In practice, many QUBO-based pipelines are organized around a fixed

submitted instance, so when demand, topology, or operating conditions change, the

optimization problem often needs to be regenerated or resubmitted, making real-time

recourse and continuous adaptation difficult to support naturally [7, 19].

The third gap is limited decision expression. Because QUBO is defined over bi-

nary variables, continuous allocation, rate control, and mixed discrete-continuous

decisions must typically be represented indirectly through additional encoding, which

increases modeling complexity and weakens the natural alignment between the op-

timization model and the real resource-allocation processes [20, 21]. The fourth gap

is scalability and transparency limits. Even after a valid QUBO has been obtained,

dense couplings, penalty-induced connectivity, and sparse hardware topologies can

substantially increase minor-embedding cost, physical qubit usage, and chain-break

risk, while black-box hybrid solvers restrict fine-grained user control over decompo-

sition, tuning, and runtime behavior [8, 10, 16, 22]. Taken together, these four gaps

indicate that the central challenge of this thesis is not merely to improve a single

solver, but to close the broader methodological distance between modelability and
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deployability in practical networked optimization systems.

Based on the four research gaps summarized in Fig. 1.3, this thesis formulates four

connected thesis questions. The first asks how the dependence of QUBO modeling

on manual expertise can be reduced, so that a reusable and automated formulation

pipeline can be established. The second asks how a QUBO-based optimization work-

flow can better respond to changing system states, rather than remaining tied to a

static single-instance solving pattern. The third asks how the discrete strengths of

QUBO can be preserved while incorporating continuous resource-allocation processes,

so that mixed decision structures in real systems can be modeled more naturally. The

fourth asks how a transparent and scalable hybrid quantum-classical architecture can

be constructed under current hardware constraints, with a view toward stable de-

ployment in practical networked systems. The following Thesis Overview and Main

Contributions section explains how each question is addressed through the method-

ological progression of the thesis.

1.4 Thesis Overview and Main Contributions

Based on the research gaps and thesis questions established above, the core contri-

bution of this thesis does not lie in proposing a new QUBO formulation for a single

optimization task in modern network systems. Instead, it develops a methodological

progression from problem modeling to practical deployment.

As summarized in Table 1.1, this progression consists of four connected stages.

The first stage focuses on domain-grounded formulation and empirical validation. Its

goal is to verify how classical optimization models, such as Stochastic Integer Pro-

grams (SIP), can be transformed into QUBO in a stable manner and connected to

a specific quantum or quantum-inspired backend [1]. The second stage focuses on

recourse-aware dynamic adaptation. Its goal is to move beyond static single-instance

workflows so that a QUBO-based optimization framework can better respond to time-

varying environments [3]. The third stage advances toward discrete-continuous co-

design, where binary combinatorial search is coordinated with continuous resource

allocation [23]. And the fourth stage addresses automated formulation and scal-

able hybrid orchestration by integrating formulation automation, decomposition, and

transparent hybrid solving into a unified architecture [2].

The first two stages answer how QUBO-based optimization can move from mod-

elability to validation, and then from validation to adaptation. In Stage 1, the thesis
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begins with a networked resource planning problem under uncertain demand. It

transforms a two-stage SIP model into a QUBO, maps the resulting QUBO matrix to

a coherent Ising machine (CIM), and compares the results with Gurobi and simulated

annealing (SA) using dwave-neal on the same QUBO matrix [24–26]. The significance

of this stage is that it demonstrates both the practical operability of QUBO as an

intermediate abstraction layer and the feasibility of the classical-model-to-QUBO-to-

hardware pipeline in a real application setting. Stage 2 then turns to online adapta-

tion in dynamic network environments. Motivated by the fragility of a single static

optimal topology under time-varying link conditions, the thesis develops a two-stage

quantum-assisted workflow. The offline stage generates multiple high-quality and

structurally diverse candidate topologies by triggering the multi-sampling ability of

the QA hardware, while the online stage performs lightweight selection according to

the real-time link states [3].

The latter two stages push the thesis methodology toward a more complete hy-

brid optimization architecture. Stage 3 focuses on discrete-continuous co-design. It

no longer treats QUBO as an isolated discrete solver. Instead, it places discrete rank-

ing and continuous resource allocation within the same decision loop. In this stage,

the thesis first uses QUBO to generate discrete scheduling priorities for microser-

vice instances [20]. It then applies a continuous allocation mechanism to determine

rate allocation under capacity constraints, while an adaptive safeguard handles pre-

diction failure and runtime volatility [27]. This design preserves the combinatorial

search strength of QUBO. At the same time, it incorporates the continuous con-

trol processes that are unavoidable in real systems [23]. Stage 4 elevates this idea

to the level of formulation automation and system orchestration. There are several

studies on translating the description of problems in the natural language to a for-

mal optimization model [28]. Accordingly, this thesis focuses on automated QUBO

formulated with appropriate penalty coefficient and binarized precision that can be

fully compatible with the target quantum hardware. Also, with Benders decompo-

sition integration, this design can deal with a large-scale problem by separating the

binary master problem from the continuous subproblem. As a result, QUBO is no

longer treated as a monolithic endpoint. It becomes an intermediate representation

that supports iterative, scalable, and solver-aware hybrid optimization [2]. This final

stage unifies the lessons of the earlier stages into a deployable hybrid orchestration

framework, moving the thesis from problem-level modeling toward architecture-level

integration.
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1.5 Organization of Thesis

The remainder of the chapters are organized as follows.

Chapter 2 reviews the literature and discusses the background topics relevant to

the thesis.

The remaining chapters are organized according to a methodological progression

from problem modeling to deployable hybrid optimization architecture. Table 1.1

summarizes this progression by mapping each chapter to its representative networked

system, methodological stage, and primary research gap. Rather than presenting the

chapters as a set of parallel application cases, the thesis emphasizes the methodolog-

ical connection among them. More specifically, it shows how the research develops

from domain-specific QUBO formulation and validation toward dynamic adaptation,

discrete-continuous coordination, and automated formulation with scalable hybrid

orchestration. This organization allows the later chapters to function not only as in-

dividual studies, but also as interconnected steps toward the unified hybrid quantum-

classical architecture proposed in this thesis.

Table 1.1: Summary of chapters and their methodological progression

Chapter Representative System Methodological Stage Research Gap Ad-
dressed

3 Metaverse data market-
place

Domain-grounded for-
mulation and empirical
validation

G1: Formulation De-
pendence

4 UAV swarm topology
control

Two-stage recourse-
aware dynamic adapta-
tion

G2: Workflow Rigidity

5 Cloud-edge microservice
scheduling

Discrete–continuous co-
design

G3: Limited Decision
Expressiveness

6 General combinatorial
optimization pipeline

LLM-driven automated
formulation and hybrid
orchestration

G1 + G4: Formulation
Dependence and Scala-
bility

More specifically, Chapter 3 begins with a stochastic resource planning problem

in a metaverse data marketplace. It establishes a conversion pipeline from two-stage

stochastic integer programming to QUBO and empirically validates the resulting for-

mulation on practical computational backends. Chapter 4 then extends this line

of work to dynamic UAV communication topology control. By separating offline

candidate generation from online lightweight selection, it addresses the limitation of
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fixed single-instance workflows under time-varying conditions. Chapter 5 turns to

microservice chain scheduling across the cloud-edge continuum. It develops a mixed

decision architecture in which discrete ranking and continuous resource allocation are

coordinated, thereby addressing the expressive gap between binary QUBO model-

ing and continuous control requirements in real systems. Building on these results,

Chapter 6 abstracts the earlier domain-specific designs into a higher-level layer of au-

tomated formulation and hybrid orchestration. Through an LLM-driven formulation

pipeline and decomposition-based hybrid solving, it unifies the lessons of the preced-

ing chapters into a more transferable and scalable optimization framework. Taken

together, the thesis chapters define a clear methodological trajectory, moving from

domain-grounded formulation and empirical validation to recourse-aware adaptation,

discrete-continuous co-design, and deployable hybrid orchestration.
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Chapter 2

Literature Review and Background

Notions

This chapter outlines the core theoretical and methodological concepts required to

understand the foundation of this thesis, organized around the central theme of com-

binatorial decision optimization in networked systems. Specifically, the chapter first

identifies the common structural features of networked optimization problems in terms

of decision variables, coupled constraints, and dynamic operating conditions. It then

introduces the classical optimization foundations most relevant to this thesis and ex-

plains why QUBO is better understood as an intermediate abstraction layer that con-

nects application-level modeling with downstream solution mechanisms, rather than

as an isolated final solution form. On this basis, the chapter discusses the hardware

execution constraints of quantum annealing, the cost of embedding, and their impli-

cations for practical deployment. It also reviews the main developments in hybrid

quantum-classical optimization workflows with respect to scalability, controllability,

and interpretability.

2.1 Combinatorial Decision Optimization in Net-

worked Systems

Although resource allocation in the metaverse, topology control in UAV swarms, and

microservice scheduling across the cloud-edge continuum differ substantially in appli-

cation semantics, they exhibit highly consistent structural characteristics at the opti-

mization level. First, these problems are commonly built on discrete decisions such as
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activation, assignment, matching, ranking, routing, or topology selection, and their

feasible sets therefore have an inherently combinatorial nature [29]. Second, com-

munication, computation, storage, energy, and connectivity resources are strongly

coupled, so the resulting constraint systems often combine capacity limits, depen-

dency relations, interference relations, and quality-of-service requirements [30–32].

Third, demand fluctuations, link variations, and local failures require many of these

problems to be solved under uncertainty and time-varying operating conditions. For

this reason, resource management tasks in different networked systems can often be

understood in a unified mathematical sense as high-dimensional combinatorial deci-

sion optimization problems governed by multiple families of coupled constraints [33].

This shared structure provides the foundation for the classical modeling frameworks

introduced in the next section.

The structural properties identified above are significant because they jointly de-

termine the feasibility of a unified modeling pathway. In many networked systems,

the core decisions can be reduced to whether a service is deployed, whether a task is

assigned to a specific node, or whether a link or topological connection is activated,

which allows them to be naturally encoded as discrete decision vectors [34, 35].At

the same time, constraints associated with computation, bandwidth, storage, energy,

and latency are rarely independent. Instead, they are coupled through resource con-

tention, link dependencies, and service ordering requirements. This coupling means

that the constraints cannot be straightforwardly decomposed into independent sub-

problems, and must instead be expressed through interaction terms among decision

variables in any unified formulation [36].

Under dynamic operating conditions, variations in demand, network perturba-

tions, and updates in node availability further require the solution framework to

support fast incremental adjustment of existing decisions without reconstructing the

entire problem instance from scratch [37]. Because of this continuous structure, span-

ning discrete decisions, coupled constraints, and dynamic re-decision requirements,

many resource management problems in networked systems admit a common method-

ological basis for unified formulation, reformulation, and subsequent mapping into bi-

nary optimization models. This logic also provides a direct transition to the classical

mathematical programming frameworks discussed in the next section.
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2.2 Classical mathematical programming founda-

tions

Figure 2.1: Methodological pipeline from classical formulations to QUBO abstraction
and hybrid execution paths.

Resource management problems in networked systems involve discrete structural

decisions, including deployment, assignment, and link activation, alongside continuous

variables governing bandwidth, computation, storage, and latency. As shown in the

leftmost column of Fig. 2.1, Mixed-integer linear programming (MILP) therefore

serves as the natural classical modeling starting point for this section.

min
x,y

c⊤x+ d⊤y

s.t. Ex+ Fy = e,

Ax+By ≤ b,

ℓx ≤ x ≤ ux,

x ∈ Rn, y ∈ {0, 1}p,

(2.1)

where x denotes continuous resource allocation variables and y denotes discrete struc-

tural decision variables, with c ∈ Rn, d ∈ Rp, ℓx, ux ∈ Rn, E ∈ Rr×n, F ∈ Rr×p,

A ∈ Rm×n, B ∈ Rm×p, e ∈ Rr, and b ∈ Rm [38].

This form captures the coupling between continuous resource allocation and com-

binatorial structural decisions within a single objective and constraint system. It

therefore serves as the classical modeling starting point for uncertainty extensions,

QUBO reformulations, and hybrid solution workflows developed in subsequent sec-

tions.

Compared with the deterministic MILP form above, many key parameters in
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networked systems are only revealed after part of the decision has already been fixed.

It is therefore necessary to introduce a two stage stochastic programming model with

recourse:

min
x∈X

c⊤x+ Eξ[Q(x, ξ)] (2.2)

where

Q(x, ξ) = min
y(ξ)∈Y (ξ)

q(ξ)⊤y(ξ) s.t. W (ξ)y(ξ) ≥ h(ξ)− T (ξ)x. (2.3)

Here, x ∈ Rn denotes the first-stage decisions made before the realization of the

random parameter ξ, while y(ξ) ∈ Rm denotes the second-stage corrective decisions

taken after scenario ξ is observed [39]. The coefficients satisfy c ∈ Rn, q(ξ) ∈ Rm,

W (ξ) ∈ Rr×m, T (ξ) ∈ Rr×n, and h(ξ) ∈ Rr, so the objective and constraint terms

remain dimensionally consistent. The significance of this formulation is not merely

that it averages over scenarios, but that it explicitly separates here-and-now decisions

from corrective actions taken after the uncertain parameter is revealed. In practical

networked systems, both stages may involve integer decision variables, such as binary

activation or assignment choices, which makes the resulting problem a stochastic

mixed-integer program with substantially higher computational complexity than the

continuous case. Because both stages may contain integer variables, converting such a

formulation into QUBO requires binary encoding across all decision variables in both

stages [12]. This observation provides a direct motivation for the QUBO reformulation

techniques discussed in the next section.

Beyond scenario-based stochastic modeling, uncertainty can also be described

through sets. When probability distributions are unreliable or unavailable, robust

optimization requires every constraint to remain feasible for all possible perturbations

within a predefined uncertainty set [40]. This treatment extends the representation of

uncertainty from scenario enumeration to set-based constraints, and provides a com-

plementary modeling perspective for the discussions in later chapters that involve

optimization under uncertain operating conditions.

2.3 QUBO as an intermediate abstraction layer

As shown in the two middle columns of Fig. 2.1, at the classical mathematical pro-

gramming level developed in the previous section, this connection can be achieved by

reformulating heterogeneous constrained optimization models into a common QUBO

representation that is compatible with quantum annealing, quantum inspired anneal-
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ing, and related hybrid optimization workflows.

For this purpose, QUBO can be written in the compact form

min
x∈{0,1}n

x⊤Qx, Q ∈ Rn×n, (2.4)

where x is a binary decision vector and Q is the coefficient matrix, so that x⊤Qx

is a scalar objective function [41]. Without loss of generality, Q can be taken to be

symmetric or equivalently upper triangular, since only the sum Qij +Qji affects the

objective value [12].

If the original model is written as x⊤Qx+c⊤x, the linear term c⊤x can be absorbed

into the diagonal of Q because binary variables satisfy x2i = xi, yielding an equivalent

compact quadratic form x⊤(Q+ diag(c))x.

The significance of this representation is not only that it encodes linear costs and

pairwise interactions within a single quadratic objective, but also that it provides

a shared binary abstraction for optimization models originating from different clas-

sical formulations. Accordingly, in this thesis, QUBO is not treated as a universal

endpoint detached from problem structure. Instead, it is regarded as an intermedi-

ate abstraction layer that connects classical mathematical programming formulations

with downstream annealing oriented and hybrid execution workflows.

After the standard QUBO form is established, the more important issue is how

feasibility conditions from the original constrained model can be embedded into an

unconstrained binary objective. For a general constrained binary optimization model

written as

min
x∈{0,1}n

f(x) s.t. Ax = b, (2.5)

a penalized QUBO form can be constructed by introducing a penalty parameter λ > 0:

min
x∈{0,1}n

f(x) + λ∥Ax− b∥22, (2.6)

where A ∈ Rm×n and b ∈ Rm, so that Ax − b ∈ Rm and the term ∥Ax − b∥22 is a

scalar measure of constraint violation whose contribution to the objective is scaled

by λ [12]. When λ is chosen large enough, solutions that violate the constraints are

penalized relative to feasible ones, allowing the constrained problem to be rewritten as

an unconstrained binary model. However, selecting λ is itself a nontrivial modeling

step: values that are too small may fail to enforce feasibility, whereas excessively
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large values can distort coefficient scales and make the resulting QUBO harder to

solve efficiently [42,43].

For inequality constraints, the standard treatment is to first introduce slack vari-

ables to convert them into equalities, and then represent those slack variables through

binary expansion when a binary QUBO representation is required. Likewise, if the

original decision variables are general integers rather than binary variables, they

must also be encoded through binary expansion, which further increases the size

of the resulting QUBO. Therefore, the essence of QUBO reformulation is not merely

to express an objective as a quadratic form, but to systematically absorb classical

constraint structures into a unified binary quadratic representation through penalty

design, slack introduction, and binary encoding of nonbinary quantities.

Under a physics-based representation, the Ising model equivalent to QUBO can

be written as

H(s) =
n∑

i=1

hisi +
∑
i<j

Jijsisj, si ∈ {−1,+1}, (2.7)

where hi denotes the local bias acting on spin i and Jij denotes the coupling strength

between spins i and j, corresponding respectively to the diagonal and off-diagonal

entries of the QUBO matrix Q after variable transformation [11]. By the variable

transformation

xi =
1 + si
2

, (2.8)

Ising spin variables and binary decision variables are placed in one-to-one correspon-

dence, which allows an Ising Hamiltonian to be converted into a QUBO objective

and vise versa. This equivalence ensures that any optimization problem expressed in

QUBO form can be directly mapped onto the physical energy landscape of an anneal-

ing processor. Together with the penalty-based reformulation techniques introduced

above, the QUBO-Ising correspondence therefore completes the modeling chain from

classical constrained formulations to hardware-executable energy functions.

2.4 Quantum annealing and hardware-aware exe-

cution

After establishing QUBO as an intermediate abstraction layer in the previous section,

it is necessary to explain how this binary quadratic model enters a physical hardware

execution pipeline [44]. Quantum annealing is an analog optimization method whose
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basic mechanism is to evolve a quantum system over a total runtime T according to

the time-dependent Hamiltonian

H(t) = A(t)Hinit +B(t)Hprob, t ∈ [0, T ], (2.9)

where A(t) decreases from a dominant initial value to near zero and B(t) increases

from near zero to a dominant final value over the course of the anneal [45]. The initial

Hamiltonian Hinit prepares the system in an easily constructed ground state, while

the problem Hamiltonian Hprob encodes the target optimization instance in Ising or

equivalent QUBO form. The adiabatic theorem of quantum mechanics states that

if the evolution is sufficiently slow, the system remains in the instantaneous ground

state throughout the process, so the final measurement yields the optimal solution of

the encoded problem [10]. In practice, however, finite annealing time, qubit noise, and

hardware connectivity constraints cause the process to deviate from ideal adiabatic

evolution. For this reason, the rest of this section focuses on the relationship among

hardware topology, embedding overhead, and practical execution behavior.

A logical QUBO instance cannot generally be executed on quantum annealing

hardware in its original form, because the physical qubit connectivity of an actual

Quantum Processing Unit (QPU) is sparse. For example, the Chimera topology used

in earlier D-Wave systems provides a qubit degree of approximately 6, the Pegasus

topology in the Advantage system increases this to 15, and the Zephyr topology

in Advantage2 further improves connectivity [8, 46]. For an arbitrarily structured

binary quadratic model whose interaction graph may be denser than the hardware

graph, the logical variables must first be mapped onto the physical QPU topology

through a preprocessing step known as minor embedding [46]. In this process, a

single logical variable is often represented by a chain of multiple physical qubits to

compensate for missing native couplings. The direct consequence is that embedding

increases physical qubit consumption and introduces additional execution burdens,

including chain breaks, parameter rescaling, and decoding overhead [10]. Therefore,

the practical behavior of quantum annealing is shaped not only by the abstract QUBO

formulation, but also by the hardware topology, the size of the working graph, and

the quality of the embedding. This also explains why the same logical model can

exhibit substantially different embeddable sizes and solution quality across different

QPU generations.

Furthermore, the practical performance of quantum annealing cannot be judged
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solely by the nominal anneal time, because real execution involves repeated read-

anneal cycles, chain-repair procedures, parameter scaling, and postprocessing [10].

Under ideal adiabatic conditions, the system is guaranteed to reach the ground state,

but on real hardware the process is better understood as a heuristic sampler that

returns a distribution of low-energy solutions rather than a deterministic guaranty

of global optimality [47]. This sampling behavior gives rise to a property that has

received growing attention in the optimization literature: solution diversity. In simu-

lated annealing, the system explores the solution space by thermally surmounting en-

ergy barriers, a sequential process that tends to converge repeatedly to similar locally

optimal regions. Quantum annealing instead traverses energy barriers via quantum

tunneling rather than thermal fluctuations, providing a different mechanism for es-

caping local optima. More broadly, classical stochastic solvers based on Monte Carlo

techniques suffer from a lack of ergodicity and are prone to mode collapse, where

sampling concentrates within a few regions of the solution space [48]. In contrast,

the sampling behavior of QA is structurally different and can facilitate the gener-

ation of more diverse sets of near-optimal solutions within the same computational

time budget. Experimental evaluation on D-Wave processors has shown that QA

achieves competitive or superior diversity sampling speed compared to state-of-the-

art classical solvers across multiple classes of synthetic problems [49]. This property

is directly relevant to application scenarios that require multiple structurally distinct

high-quality solutions from a single optimization campaign, and subsequent chapters

will exploit it in specific networked optimization contexts.

Recent benchmarking studies indicate that hybrid quantum-classical configura-

tions, which combine QPU sampling with classical postprocessing and decomposition,

can achieve higher accuracy and substantially faster problem-solving times than either

pure quantum or pure classical approaches on large and dense QUBO instances [10].

These observations reinforce the view that hardware-aware execution is not merely

a matter of submitting a QUBO matrix to a QPU, but involves treating embed-

ding, sampling, chain repair, and solution decoding as an integrated pipeline. This

understanding prepares the transition to the hybrid quantum-classical orchestration

discussed in the next section.



17

2.5 Hybrid quantum-classical optimization archi-

tecture

The discussion in the previous section has shown that limited qubit counts, sparse

hardware topologies, and embedding overhead collectively restrict the direct appli-

cability of pure quantum annealing to large and dense QUBO instances. Under

near term quantum hardware conditions, purely quantum workflows cannot reliably

solve practical optimization problems that exceed the embeddable scale of a single

QPU [16]. A common practical view in the current quantum annealing literature is

therefore not to replace classical optimization entirely with quantum computation,

but to construct a hybrid quantum-classical architecture in which problem decompo-

sition, constraint management, parameter tuning, and global search control remain

on the classical side, while highly correlated, strongly non-convex, or locally expensive

subproblems are delegated to quantum or quantum-inspired modules [50,51]. Within

this design, the classical solver maintains overall stability through feasibility checking,

bound updates, node selection, and postprocessing, while the quantum component is

better positioned as a sampler, heuristic callback, or accelerator for selected subprob-

lems [19]. A benchmarking study reported such advantages. In their benchmark set,

combining QPU sampling with classical postprocessing and decomposition can simul-

taneously achieve higher accuracy and shorter solving times than either pure quantum

or pure classical approaches in more than 50 large and dense QUBO instances [10].

These empirical results support treating hybrid as an architectural principle rather

than a simple concatenation of solvers.

For analytical convenience, existing hybrid schemes can be broadly organized into

two paradigms. The first is sampling or sub-QUBO centered hybridization. In this

paradigm, the original problem is partitioned into subproblems that fit within the

programmable scale of a QPU, each subproblem is solved by annealing, and the re-

turned samples are reintegrated into a global solution estimate. A representative

implementation is the large neighborhood local search (LNLS), which in each itera-

tion selects a random neighborhood subproblem, submits it to the QPU, and greedily

updates the global state with the lowest-energy sample [52]. Raymond et al. demon-

strated the effectiveness of this approach on lattice-structured spin-glass problems

at twice the directly programmable scale of an Advantage QPU, and showed that

lattice-specific preoptimized embeddings significantly outperform generic clique em-

beddings [52]. The earlier qbsolv utility and the subsequent dwave-hybrid framework
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follow a similar decompose-and-recombine logic, where an outer classical loop man-

ages subproblem generation and solution stitching while an inner quantum solver

performs energy minimization over restricted neighborhoods [50]. Yarkoni et al. fur-

ther observed that sub-QUBO centered (problem partitioning) is the most common

approach among the real-world hybrid applications reviewed, because the number of

available qubits remains small relative to practical problem scales [50]. Under this

paradigm, quantum annealing essentially serves as a constrained subproblem solver

whose sampling quality is jointly determined by embedding efficiency, chain length,

and annealing parameters.

The second paradigm is orchestration-centered hybridization. Here, a classical

exact solver retains control over global optimality certificates, while quantum or

physics-inspired solvers are invoked as external oracles at specific stages of the search

process. Peng et al. explored several integration points for Ising solvers within a

branch-and-bound framework, including incumbent injection at the root node and

node-level heuristic callbacks at interior nodes [19]. They evaluated their method

on the QUBOLib benchmark set, and their best hybrid configurations reported up

to eleven percent runtime reduction and seventeen percent node reduction relative

to default Gurobi. However, they also noted that standalone node-level heuristic

callbacks are computationally expensive and often counterproductive [19]. This ob-

servation indicates that in orchestration-centered schemes, deciding when and how to

invoke the quantum component requires careful design rather than yielding benefits

by default. Unlike the sampling-centered paradigm, orchestration-centered schemes

preserve global optimality certificates, and the role of the quantum component is to

accelerate the search rather than to replace the search framework itself. More gen-

erally, decomposition strategies that separate a combinatorial master problem from

a linearly structured subproblem and iterate between them can also be placed under

this paradigm, where the master problem is converted into a QUBO for quantum

solving and the subproblem is handled by a classical solver.

Both paradigms face limitations in transparency and adaptability, though the

specific manifestations differ. On the sampling-centered side, managed hybrid solvers

available through the D-Wave Leap platform expose limited control over internal de-

composition and parameterization; users typically submit a problem and receive a

result. In contrast, the open-source dwave-hybrid framework allows customization of

the workflow-level, including user-defined subproblem selection strategies, subsolver

substitution, and adjustment of annealing parameters [50,52]. However, Raymond et
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al. showed that hybrid workflow performance is highly sensitive to annealing time,

number of reads, embedding scheme and workflow variants, and that the optimal

parameterization changes with both the time scale and problem structure [52]. This

means that even within an open framework, designing a hybrid workflow that adapts

across different problems and execution stages remains an unsolved engineering prob-

lem. On the orchestration-centered side, the effectiveness of the quantum component

depends heavily on the match between subproblem scale and hardware capacity. Peng

et al. observed that performance degrades significantly when the subsolver scale is ar-

tificially reduced [19]. These observations collectively point to a need that has not

been adequately addressed: how to design transparent and adaptive hybrid orches-

tration mechanisms in which the division of labor between classical and quantum

components can be dynamically adjusted according to problem characteristics and

solving progress.

Because every application chapter in this thesis requires a systematic comparison

between hybrid schemes and classical baselines, it is necessary to establish shared

benchmarking principles here. The most fundamental element is the choice of baseline

solvers. In combinatorial optimization, integer programming solvers such as Gurobi

typically serve as exact optimality references, while simulated annealing and tabu

search serve as heuristic references [10, 19]. For solution quality measurement, Kim

et al. used a relative accuracy metric in their negative-energy benchmarking setting,

defined as the ratio of a given solver’s objective value to the best objective value found

across all solvers [10]. This metric is intuitive when all solvers produce objective

values of a consistent sign and the optimum corresponds to the minimum value. In

settings where the objective takes positive values, crosses zero, or follows a different

sign convention, a normalized optimality gap may serve as a more robust alternative.

Regarding time measurement, Kim et al. reported QPU access time by combining

programming time and sampling time while excluding problem reading time, queue

waiting time, and network communication time [10]. Raymond et al. further noted

that the full end-to-end wall-clock time of a distributed hybrid computation is difficult

to precisely measure and may be significantly longer than the QPU access time alone

[52]. Accordingly, QPU access time is an appropriate metric for solver benchmarking,

but it is not sufficient for deployment-level latency evaluation.

In summary, hybrid quantum-classical architectures provide practical paths to

overcome the scale bottleneck of current quantum hardware at both the sampling-

driven and orchestration-driven levels. However, existing schemes still exhibit gaps in
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formulation automation, transparent orchestration, and cross-domain methodological

transferability. The next section systematically synthesizes these open issues from the

literature and maps them to the four research gaps identified in Chapter 1.

2.6 Synthesis of literature and thesis gaps

The preceding five sections have established the methodological chain from classical

modeling to hybrid execution: the shared structural characteristics of combinato-

rial decision optimization in networked systems (Section 2.1), classical mathematical

programming foundations (Section 2.2), the QUBO intermediate abstraction layer

(Section 2.3), quantum annealing and hardware-aware execution (Section 2.4), and

hybrid quantum-classical optimization architecture (Section 2.5). The classical mod-

eling and uncertainty treatment covered in Sections 2.1 and 2.2 draw on a mature body

of literature. MILP [38], two-stage stochastic integer programming [39], and robust

optimization [40] provide well-established source model foundations for the QUBO

transformations that follow. Section 2.3 established the role of QUBO as an interme-

diate abstraction layer connecting classical formulations with downstream annealing-

oriented and hybrid execution workflows [11, 12, 47]. However, QUBO modeling in

existing literature remains heavily dependent on manual expert knowledge. Each step

from constraint type identification to penalty coefficient setting and variable encoding

precision selection lacks systematic and automated methodological support [12, 50].

Section 2.4 showed that hardware topology, embedding overhead, and sampling be-

havior collectively shape the practical solving capability of quantum annealing [53,54],

but the vast majority of existing workflows assume a single static submission for a

fixed problem instance and lack adaptation mechanisms for time-varying environ-

ments and multi-stage decisions [16]. Section 2.5 demonstrated progress in both

sampling-driven and orchestration-driven hybrid paradigms for overcoming hardware

scale bottlenecks [19,52], but sampling-driven schemes do not natively support mixed

discrete-continuous decision making, while orchestration-driven schemes remain lim-

ited in formulation automation and transparent coordination [19, 50, 52]. Table 2.1

systematically maps these open issues to the four research gaps identified in Chap-

ter 1, and indicates where each gap is addressed in subsequent chapters. The following

four chapters respond to these gaps in the methodological progression summarized in

Table 1.1.
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Table 2.1: Mapping of literature foundations to research gaps and thesis chapters.

Research gap Literature foundation in Chapter 2 Identified limitation

G1: Formulation
dependence (Chap-
ters 3 and 6)

QUBO reformulation relies on
penalty embedding, slack intro-
duction, and binary encoding of
non-binary quantities (Sec. 2.3)
[11, 12, 47]. Constrained optimiza-
tion to QUBO conversion is well
understood in principle [11], but
requires manual, problem-specific
effort for each new application [50].
Classical source models including
MILP and two-stage stochastic in-
teger programming (Sec. 2.2) [38,
39] provide the upstream formula-
tions from which QUBO must be
derived.

No systematic method exists for
automating the full pipeline from
a structured MILP to a hardware-
aware QUBO with appropriate
penalty weights and encoding
precision. Existing tools such
as PyQUBO provide syntax-level
support but do not automate con-
straint analysis or penalty calibra-
tion [47,50].

G2: Workflow rigid-
ity (Chapter 4)

Quantum annealing executes a
fixed problem Hamiltonian per
submission (Sec. 2.4) [10, 53].
Hardware topology constrains em-
beddable problem size and struc-
ture [54]. Benchmarking confirms
that solution quality depends on
annealing parameters, embedding,
and number of reads [10,52].

Existing QA workflows treat each
submission as an independent
static instance. There is no estab-
lished mechanism for adapting the
formulation or execution strategy
across sequential decision epochs
in time-varying networked environ-
ments [16,50].

G3: Limited de-
cision expressiveness
(Chapter 5)

QUBO natively encodes only bi-
nary decision variables (Sec. 2.3)
[11, 47]. Continuous and inte-
ger variables require binary ex-
pansion, which increases problem
size and amplifies noise sensitivity
(Sec. 2.4) [10, 50]. Hybrid schemes
reviewed in Sec. 2.5 partition prob-
lems at the QUBO level but do
not coordinate discrete and contin-
uous decisions within a single loop
[19,52].

Sampling-driven hybrid methods
solve binary subproblems only.
No reviewed scheme jointly opti-
mizes discrete scheduling priorities
and continuous resource allocation
within one integrated decision ar-
chitecture.

G4: Scalability bot-
tleneck (Chapter 6)

Embedding overhead scales
unfavorably with problem den-
sity and size (Sec. 2.4) [10, 54].
Hybrid LNLS and branch-and-
bound methods partially address
this through decomposition
(Sec. 2.5) [19, 52], but managed
hybrid solvers expose limited
transparency [50] and parameter
sensitivity remains high [52].

No reviewed framework combines
automated QUBO formulation
with decomposition-based hybrid
orchestration in a transparent
and scalable manner. The for-
mulation step and the solving
step remain disjoint in existing
pipelines [16, 19].
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Chapter 3

Stochastic Resource Planning for

Metaverse Data Marketplaces

This chapter investigates the stochastic resource planning problem in metaverse data

marketplaces. It corresponds to Stage 1 in Table 1.1, namely domain-grounded for-

mulation and empirical validation. Chapter 2 positions QUBO as an intermediate

abstraction layer connecting application-level modeling to downstream solution exe-

cution. This chapter verifies the practical operability of that positioning through a

complete end-to-end instance. The research scenario involves optimizing edge device

subscriptions for metaverse service providers under data sovereignty constraints. The

chapter constructs a two-stage stochastic integer programming model, transforms it

into a QUBO representation, and validates the formulation on a 550-qubit coherent

Ising machine. This pipeline also addresses the research Gap G1 by revealing the

specific manifestations of formulation dependence in existing QUBO workflows. The

content of this chapter is based on [1] and has been extended in experimental analysis

and methodological discussion.

3.1 Introduction

Constructing high-fidelity transportation digital twins requires large volumes of real-

time data collected from specific geographic regions. However, data sovereignty regu-

lations restrict cross-border data acquisition, particularly affecting autonomous driv-

ing companies that rely on localized training data. A metaverse service provider

(MSP) acts as a data intermediary. It subscribes to raw sensing data from edge
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Figure 3.1: The workflow of Metaverse Service Provider with two-phase training data.

devices deployed in a target geographical area (TGA) and delivers processed trans-

portation information to its clients. The edge devices are not directly owned by the

MSP. Instead, their data resources are accessed through subscription plans. The

central optimization problem facing the MSP is how to allocate resources optimally

between reserved and on-demand subscriptions under uncertain demand, so as to

minimize total operational cost [55]. Reserved plans offer lower unit costs, but over-

subscription leads to wasted resources. On-demand plans provide flexibility at a

higher unit price. This tradeoff between reservation and on-demand procurement

forms a canonical two-stage stochastic decision structure.

Figure 3.1 illustrates the end-to-end workflow of the MSP. An autonomous driv-

ing technology company submits a service request to the MSP (Step 1). The pricing

model of the MSP then generates a reserved subscription plan and sends it to the

target geographical area (Step 2). Edge devices within the region collect raw data and

transmit them back to the MSP (Step 3). The MSP processes these data into struc-

tured local transportation information and delivers the result to the client (Step 4).

If the training data are insufficient, the client issues a supplemental request (Step 5),

and the pricing model generates an on-demand subscription plan accordingly (Step 6).

Steps 3 through 4 are then repeated to close the data loop. This iterative feedback

mechanism allows the MSP to handle both the deterministic reserved decision and

the stochastic on-demand replenishment decision within a single optimization cycle.

To model this decision structure, the chapter constructs a two-stage stochastic in-
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teger programming (SIP) formulation. The first stage determines the subscription sta-

tus and the number of reserved data bundles for each edge device. The second stage,

executed after demand scenarios are realized, decides the number of on-demand bun-

dles to purchase in order to cover any remaining deficit. The objective function of the

SIP model consists of a deterministic reservation cost component and a probability-

weighted on-demand cost component. To enable execution on quantum computing

backends, the chapter transforms the SIP model into a QUBO representation. The

transformation involves binary encoding of integer variables and penalty-based em-

bedding of constraints. During encoding, an adaptive bit-width truncation strategy

is adopted, limiting the number of encoding bits to K = min(⌈log2(X + 1)⌉, 5) in

order to control the dimensional growth of the QUBO matrix. The resulting QUBO

instances are solved and compared on a 550-qubit coherent Ising machine (CIM), the

Gurobi exact solver, and the simulated annealing solver dwave-neal.

The specific contributions of this chapter are as follows. First, it designs an end-

to-end MSP-centric workflow that unifies reserved and on-demand subscription deci-

sions under data sovereignty constraints within a two-stage stochastic optimization

framework. Second, it introduces an adaptive bit-width truncation and low-coupling

parameter design strategy that effectively controls the number of binary variables

during the SIP-to-QUBO transformation, keeping the QUBO matrix dimension at

the order of O(|W|×|E|× (K+ |Ω|×K)). Third, it completes the actual solving vali-

dation of this QUBO model on a 550-qubit CIM. Experimental results show that the

CIM obtains high-quality solutions within millisecond-level computation times, sig-

nificantly outperforming simulated annealing in speed while approaching the solution

quality of the Gurobi exact solver. These results provide the first complete empirical

validation of the classical-modeling-to-QUBO-to-hardware-execution methodological

path proposed in Chapter 2.

The remainder of this chapter is organized as follows. Section 3.2 presents the

complete two-stage stochastic integer programming formulation. Section 3.3 details

the transformation from SIP to QUBO. Section 3.4 conducts the experimental eval-

uation and analyzes the results. Section 3.5 summarizes the chapter.

3.2 System Model

The workflow described in Section 3.1 involves two sequential decision points, which

are formalized below as a two-stage stochastic program. This section formulates the
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Table 3.1: Parameters and Decision Variables for Resource Subscription Model

System Model Parameters

Notation Description

W Set of Metaverse Service
Providers

Ω Set of possible scenarios

E Set of edge devices

X Maximum reserved bundles per
subscription

C
(r,memb)
e Membership cost per edge

C
(r,trans)
e Reserved data bundle transmis-

sion cost per edge

C
(o,trans)
e On-demand data bundle trans-

mission cost per edge

Scenario Parameters

Notation Description

λs Scenario index

P (λs) Probability of scenario λs

Sw,e(λs) Similarity score in scenario λs

F̄w(λs) Actual demand of MSP w in λs

Decision Variables

Notation Description

m
(r)
w,e Binary subscription indicator

m̃
(r)
w,e Reserved bundles purchased

m
(o)
w,e(λs) On-demand bundles in scenario

λs

cost minimization problem addressing both reservation and on-demand subscription

scenarios, with the objective function explicitly handling uncertainty.

The objective function consists of costs from two stages: a deterministic reser-

vation phase and a stochastic on-demand phase. The first part of the objective,∑
w∈W

∑
e∈E

(
m

(r)
w,eC

(r,memb)
e + m̃

(r)
w,eC

(r,trans)
e

)
, represents the first-stage reservation cost.

In this stage, MSPs purchase memberships for specific edge devices and pay for a re-

served number of data bundle transmissions. Notably, the data bundle encompasses

the entire process of data collection, semantic extraction, and data transformation,

with the core semantic extraction carried out by the edge device providers.
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min
m

(r)
w,e,m̃

(r)
w,e,m

(o)
w,e(λs)

:

∑
w∈W

∑
e∈E

(
m(r)

w,eC
(r,memb)
e + m̃(r)

w,eC
(r,trans)
e

)
+ E

[
Q
(
m(o)

w,e(λs)
)]
,

where

Q
(
m(o)

w,e(λs)
)
=
∑
λs∈Ω

P (λs)×
∑
w∈W

∑
e∈E

m(o)
w,e(λs)C

(o,trans)
e

The second stage addresses the uncertainty inherent in the demand for real-world

data. Following the two-stage SIP framework introduced in Section 2.2, each scenario

λs ∈ Ω represents a distinct possible future state of the transportation environment,

and is assigned a probability P (λs) estimated from historical traffic and meteorological

data [55]. The parameters dependent on these scenarios, such as the total data

demand F̄w(λs) and the data similarity score Sw,e(λs), are defined for each state

accordingly.

This leads to the second part of the objective function, which calculates the ex-

pected on-demand cost across all scenarios:
∑

λs∈Ω P (λs)×
∑

w∈W
∑

e∈E m
(o)
w,e(λs)C

(o,trans)
e .

Here, m
(o)
w,e(λs) is the number of on-demand data bundles purchased in a specific sce-

nario λs, and this cost is weighted by the probability of the scenario P (λs), ensuring

that the total objective minimizes the expected cost under uncertainty.

The SIP model is subject to the following constraints.

C1 : m̃(r)
w,e ≤ m(r)

w,eX, ∀w ∈ W ,∀e ∈ E

The constraint C1 requires that the subscription of an edge device be made before

getting any data bundle from that device in the reserved price level, i.e. m
(r)
w,e = 1.

Additionally, even after subscribing, the MSP can purchase at most X reserved data

bundles from that edge device.

C2 :
∑
e∈E

m̃(r)
w,eSw,e(λs) +

∑
e∈E

m(o)
w,e(λs) ≥ F̄w(λs), ∀w ∈ W , ∀λs ∈ Ω

Constraint C2 ensures that, in each scenario λs, the total amount of data from both

reserved and on-demand purchases meets or exceeds the demand F̄w(λs). The term

m̃
(r)
w,eSw,e(λs) represents the effective number of data bundles, adjusted by the simi-

larity score Sw,e(λs), which reflects how well the data from edge device e matches the
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MSP requirements in scenario λs.

The subscription indicator m
(r)
w,e ∈ {0, 1} is binary, and both the reserved bundle

count m̃
(r)
w,e ∈ Z+ and the on-demand bundle count m

(o)
w,e(λs) ∈ Z+ are non-negative

integers.

3.3 QUBO Transformation

This section transforms the SIP model developed in Section 3.2 into an equivalent

QUBO formulation. As introduced in Section 2.3, QUBO provides a shared binary

abstraction that connects constrained optimization models to quantum annealing and

quantum-inspired solution backends. The transformation involves two steps: binary

encoding of integer decision variables and penalty-based embedding of inequality con-

straints. To control the dimensional growth of the resulting QUBO matrix, this chap-

ter adopts an adaptive bit-width truncation strategy combined with a low-coupling

parameter design, keeping the total number of binary variables at the order of 103.

3.3.1 Binary Encoding of Integer Variables

The SIP model in Section 3.2 contains integer decision variables m̃
(r)
w,e and m

(o)
w,e(λs)

that must be expressed in binary form before QUBO construction. Each integer

variable is encoded through K-bit binary expansion with K = min(⌈log2(X +1)⌉, 5),
following the adaptive truncation strategy described in Section 3.1. The core encoding

relationships are defined as follows:

m̃(r)
w,e =

K∑
k=1

2k−1b
(r)
w,e,k, m(o)

w,e(λs) =
L∑
l=1

2l−1b
(o)
w,e,l(λs) (3.1)

where b
(r)
w,e,k, b

(o)
w,e,l ∈ {0, 1} are binary decision variables. When K = 5, the quan-

tization error remains below 4%. This encoding reduces the variable count from

O(|W|× |E|× |Ω|) integer variables to O(|W|× |E|× (K+ |Ω|×K)) binary variables.

3.3.2 Penalty-Based Constraint Embedding

Following the general penalization procedure introduced in Section 2.3, the complete

QUBO objective combines the original cost terms with quadratic penalty terms for
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constraint enforcement:

H =
∑
w,e

[
C(r,memb)

e m(r)
w,e + C(r,trans)

e m̃(r)
w,e

]
︸ ︷︷ ︸

Membership costs

+ Eλ

[∑
w,e

C(o,trans)
e m(o)

w,e(λ)

]
︸ ︷︷ ︸

On-demand costs

+αPC1 + βPC2︸ ︷︷ ︸
Constraints

(3.2)

The constraint terms implement the problem’s physical requirements through

quadratic penalties. Since both C1 and C2 are inequality constraints, their conversion

to QUBO form requires slack variables that transform each inequality into an equality

before squaring. This follows the standard procedure reviewed in Section 2.3.

For C1, the original per-pair inequality m̃
(r)
w,e ≤ m

(r)
w,e · X is converted by adding

a non-negative integer slack variable s
(1)
w,e to absorb the gap between the right-hand

side and the left-hand side:

PC1 =
∑
w∈W

∑
e∈E

(
m̃(r)

w,e + s(1)w,e −m(r)
w,e ·X

)2
(3.3)

where s
(1)
w,e is a non-negative integer slack variable encoded using binary expansion:

s(1)w,e =
Ks∑
k=1

2k−1 b
(s1)
w,e,k, b

(s1)
w,e,k ∈ {0, 1} (3.4)

The upper bound of the slack equals X (attained when m
(r)
w,e = 1 and m̃

(r)
w,e = 0), so

the required number of slack bits is Ks = ⌈log2(X + 1)⌉.
For C2, the original inequality requires that the total supply meets or exceeds

the demand, only the undersupply is infeasible. Therefore, a slack variable s
(2)
w,λs

is

introduced to represent the permissible oversupply:

PC2 =
∑
w∈W

∑
λs∈Ω

(∑
e∈E

[
Sw,e(λs) m̃

(r)
w,e +m(o)

w,e(λs)
]
− F̄w(λs)− s(2)w,λs

)2

(3.5)
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where s
(2)
w,λs

is encoded as:

s
(2)
w,λs

=
Ls∑
l=1

2l−1 b
(s2)
w,λs,l

, b
(s2)
w,λs,l

∈ {0, 1} (3.6)

The upper bound of this slack is determined by the maximum possible oversupply,

and the required number of bits is Ls = ⌈log2(s
(2)
max + 1)⌉. The penalty coefficients α

and β must be large enough to make constraint violation energetically unfavorable,

as discussed in Section 2.3.

Through empirical tuning, we selected α = 10000 and β = 100. This hierarchical

setting, where the penalty for the fundamental subscription logic (C1) is much greater

than for the service demand (C2), ensures that all solutions returned from the CIM

were feasible while also preserving a reasonable structure for the quantum energy

landscape. Although these values proved to be effective, a detailed sensitivity analysis

of these parameters is a potential avenue for future work.

The final model contains O(|W||E|(K + |Ω|L)) binary variables, including both

decision and slack variables.

3.4 Experimental Evaluation

This section evaluates the QUBO formulation developed in Section 3.3 on three com-

putational backends: a 550-qubit coherent Ising machine (CIM), the Gurobi exact

solver in QUBO mode, and the dwave-neal simulated annealing sampler. The evalu-

ation examines two dimensions: solution quality and computation time across three

problem scales.

We first formulated the problem as an SIP model and solved it with the Gurobi

optimizer as a baseline. After converting the SIP into a QUBO formulation, we

solved the same QUBO matrix with three solvers: the solve qubo method from

gurobi optimods (classical exact solver), the SimulatedAnnealingSampler from

dwave-neal [26]), and the QBoson CPQC-550 CIM (quantum hardware) [24]. The

QUBO matrices were constructed using PyQUBO [56] and the Kaiwu SDK as mod-

eling tools, respectively.

The QUBO model was submitted to the QBoson CPQC-550, a 550-qubit coherent

photonic quantum computer, through the Kaiwu SDK. The SDK maps the QUBO

matrix onto the quantum processing unit and initiates the physical annealing process.
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All CIM results reported below are from direct execution on quantum hardware.

Three distinct problem scales (small, medium, and large) were simulated with sys-

tematic parameter configurations as summarized in Table 3.2. The potential scenario

range was fixed between 2 and 5, while the quantity of edge devices ranged from 5

to 25. The total demand for data bundles followed a Poisson distribution. The cost

ratios of subscription fee, reserved transmission and on-demand purchase were set at

10: 1: 5 based on empirical market data [57].

Table 3.2: Parameter Configurations Across Problem Scales

Parameter Small (S) Medium (M) Large (L)

Number of MSPs 1 2 5
Edge Devices 5 10 25
Service Scenarios 2 3 5
Data Bundles Demand 2,000 6,000 15,000

3.4.1 Solution Quality and Computation Time

Fig. 3.2 compares the solution quality of these three approaches on different problem

scales. The results highlight a trade-off between computational time and solution

optimality. As shown in Fig. 3.2, the classical Gurobi optimizer consistently found

the lowest objective values, indicating the highest quality solutions across all problem

scales. However, the CIM produced highly competitive solutions, achieving objective

values that were only marginally higher than those of Gurobi’s, while both signifi-

cantly outperformed the dwave-neal simulated annealing solver. As shown in Fig.

3.3 and Table 3.3, the CIM maintains a millisecond-scale computation time across

all problem sizes, with execution times of 0.001718s (S-scale), 0.001687s (M-scale),

and 0.005235s (L-scale). The slight time reduction from small to medium scale is

likely attributable to system overhead and measurement fluctuations in such short

execution windows. Across these three scales, the CIM execution time does not ex-

hibit exponential growth. However, this observation is based on a limited number

of problem sizes and does not constitute a rigorous characterization of asymptotic

complexity.
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Figure 3.2: Comparison of logarithmic total costs obtained via CIM (quantum hard-
ware), Gurobi (QUBO mode), and dwave-neal simulated annealing under small,
medium, and large problem configurations defined in Table 3.2

Table 3.3: Execution Time Comparison Across Problem Scales

Method S-scale (s) M-scale (s) L-scale (s)

CIM 0.001718 0.001687 0.005235
Gurobi (QUBO) 0.0311 0.0674 1.5235
SA (dwave-neal) 1.42 13.78 310.765579

3.4.2 Analysis of Encoding and Scalability

The experimental results allow further analysis of the encoding strategy and its impact

on scalability. By introducing binary encoding strategies that map multidimensional

decision variables (m
(r)
w,e, m̃

(r)
w,e, m

(o)
w,e(λs)) to compact QUBO representations, reduced

problem dimensionality. Specifically, the bit decomposition technique implemented

in the code, which restricts K = min(ceil(log2(X + 1)), 5), significantly reduces the

size of the QUBO matrix.

These results provide evidence for the practical feasibility of CIM-based optimiza-

tion in this problem setting. While classical solvers exhibit comparable optimality

gaps (< 5%) in small-scale scenarios, they suffer from prohibitive exponential time

complexity growth as problem dimensions increase. Across the three tested problem

scales, the execution time of the CIM did not show exponential growth with increasing

problem size. Current limitations include the sensitivity of the CIM to penalty coef-

ficient calibration and the absence of minor embedding overhead that is required on

superconducting annealers with sparse connectivity. A more thorough investigation

of penalty sensitivity is left to future work.
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Figure 3.3: Comparison of computation time between the coherent Ising machine, left
axis, and Gurobi, right axis, for solving the target QUBO formulation across small,
medium, and large problem scales.

3.5 Summary

This chapter formulated the stochastic resource planning problem in metaverse data

marketplaces as a two-stage SIP model and transformed it into a QUBO represen-

tation through binary encoding and penalty-based constraint embedding. The re-

sulting formulation was validated on a 550-qubit CIM, the Gurobi exact solver, and

the dwave-neal simulated annealing sampler. Experimental results show that the

CIM achieves millisecond-level computation times with solution quality within 5% of

the Gurobi optimum, while dwave-neal exhibits significantly longer runtimes without

quality advantage. These results confirm the practical operability of the classical-to-

QUBO-to-hardware pipeline proposed in Chapter 2. At the same time, the formula-

tion process in this chapter relied entirely on manual variable encoding and penalty

calibration, illustrating the formulation dependence identified as Research Gap G1.

The next chapter extends the methodology from static single-instance optimization

to dynamic adaptation under time-varying network conditions.
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Chapter 4

Two-Stage Resilient Topology

Control for UAV Communication

Networks

4.1 Introduction

This chapter investigates the resilient topology control problem in dynamic UAV

communication networks. It corresponds to Stage 2 in Table 1.1, namely two-stage

recourse-aware dynamic adaptation. Chapter 3 validates the end-to-end conversion

pipeline from classical planning models to QUBO in a metaverse data marketplace

scenario, but that pipeline completes after a single submission and does not adapt

to time-varying conditions. This chapter builds on that foundation by introducing a

mechanism that separates offline candidate generation from online lightweight selec-

tion, thereby overcoming the limitation of fixed single-instance workflows in dynamic

environments. This design directly addresses Research Gap G2, namely the absence

of a native recourse mechanism in existing QUBO-based optimization workflows. The

content of this chapter is based on [3] and has been extended in experimental analysis

and methodological discussion.

Effective coordination of multi-UAV swarms is critical for missions in emergency

response, logistics, and infrastructure inspection [58]. However, maintaining stable

and efficient communication links presents a significant challenge. The high mobility

of UAVs and unpredictable environmental factors such as wind gusts, node drift, and

temporary line-of-sight obstruction cause frequent changes in the network topology.
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In such dynamic scenarios, a single optimized topology is often fragile. Even a small

variation in node position or channel condition can lead to a sharp degradation in

network performance [59]. A more resilient strategy is to pre-calculate a set of high-

quality and structurally diverse candidate topologies. This approach allows UAVs

to rapidly switch to the most suitable configuration with minimal computational

cost, enabling continuous adaptation to real-time conditions. However, generating

this diverse topology set requires repeatedly solving the topology optimization prob-

lem, which is computationally intensive. Conventional approaches, including exact

algorithms, heuristic methods, and deep reinforcement learning, face fundamental

limitations in meeting the stringent real-time and onboard resource constraints of

dynamic UAV networks [60,61].

As discussed in the third paragraph of Section 2.4, the sampling behavior of QA

differs structurally from that of classical stochastic solvers and can produce more

diverse sets of near-optimal solutions within the same time budget. This diversity

property is central to the present chapter, where the goal is to generate a set of

candidate topologies that are not only individually high-quality but also structurally

complementary to one another.

Building on the diversity sampling capability of QA described above, this chap-

ter proposes a two-stage framework that decouples computationally intensive topol-

ogy optimization from online decision making. In the offline phase, the UAV topol-

ogy control problem is formulated as a QUBO model. As discussed in Chapter 2,

QUBO serves as the native input format for QA, allowing the optimization problem

to be directly mapped onto quantum hardware for parallel exploration of complex

solution landscapes [62]. The QUBO model incorporates penalty terms to ensure

load balancing, reduce node overload risk, and avoid single-point failures. In dy-

namic UAV networks, such structural imbalances can amplify rapidly as the topology

changes, leading to severe communication degradation [63]. To further enhance struc-

tural differentiation among candidate topologies, QA is employed with an iterative

similarity penalty mechanism to generate a structurally diverse and complementary

set of candidates. During deployment, a lightweight classical evaluation mechanism

rapidly selects the most suitable topology based on real-time link stability and Signal-

to-Interference-plus-Noise Ratio (SINR), enabling fast adaptation while maintaining

network quality.

Figure 4.1 illustrates the two stages of the proposed framework. The left panel

depicts a fragile UAV swarm, where a centralized topology may experience a complete
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Figure 4.1: Two-stage topology control framework: offline generation of diverse candi-
date topologies via QA (Steps 1-2), and online lightweight selection based on real-time
network conditions (Step 3).

communication breakdown if a single critical node fails. The right panel shows a more

balanced and decentralized structure produced by QA. Steps 1 and 2 in the figure

correspond to the offline stage, where the ground station constructs a QUBO model

based on the spatial snapshot and channel parameters, then executes QA to produce

a set of candidate topologies. Step 3 represents the online stage, in which the UAVs

continuously evaluate these candidates using real-time SINR and remaining energy

feedback, and select the most suitable topology for deployment, enabling fast and

efficient reconfiguration.

The main contributions of this chapter are summarized as follows. First, a two-

stage quantum-assisted topology control framework is proposed that decouples heavy

offline optimization from lightweight online decision making, enabling scalable and

adaptive topology control in dynamic UAV networks. This framework is compatible

with Software-Defined Networking (SDN) and Open Radio Access Network (O-RAN)

architectures, supporting practical deployment. Second, the offline stage formulates

the topology control task as a QUBO problem solved via QA, which exploits quantum

parallelism to explore multiple topologies simultaneously and generate a structurally

diverse set of high-quality candidates. Third, the online stage employs a lightweight
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evaluation mechanism that selects the most suitable topology based on real-time SINR

and residual energy, achieving fast adaptation with minimal onboard computation.

Fourth, experimental results show that the proposed framework improves performance

retention by 6.6% over a static topology baseline, while QA achieves a 5.15% reduction

in objective value and a 28.3% increase in solution diversity compared to simulated

annealing.

The remainder of this chapter is organized as follows. Section 4.2 reviews related

work on UAV network topology control. Section 4.3 presents the system model and

QUBO formulation. Section 4.4 reports on the experimental setup and key results.

Section 4.5 concludes the chapter.

4.2 Related Work

Much of the existing literature on UAV network topology control relies on conven-

tional optimization methods. Many studies formulate these problems as mixed-integer

linear programs (MILP) to find globally optimal solutions for tasks such as node

placement and trajectory planning [60]. However, as discussed in Chapter 2, these

models are NP-hard, and their computational complexity makes them impractical

for large and highly dynamic networks. To avoid high computational costs, heuris-

tic and metaheuristic algorithms such as Particle Swarm Optimization and Genetic

Algorithms are often applied to tasks like path planning and formation reconfigura-

tion [64]. While often faster, these methods lack formal convergence guarantees and

have unpredictable computation times, making them unreliable for real-time applica-

tions with strict deadlines [61].

More recently, deep reinforcement learning has been applied to UAV topology

optimization [64], but the substantial computational and power requirements of deep

neural networks conflict with the strict constraints of UAV platforms, reducing mis-

sion endurance. Quantum computing, particularly QA, offers a new approach to

overcome these classical computational bottlenecks. QA has been successfully ap-

plied to several NP-hard problems in networking, such as solving scheduling prob-

lems in wireless networks to maximize throughput [65]. However, a central challenge

remains. Conventional methods are too slow, unreliable, or resource-intensive for dy-

namic UAV environments [66], while QA applications have largely focused on static

network problems, and hardware limitations make QA unsuitable for direct real-time

control.
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In summary, existing approaches either focus on static optimization or rely on

heuristic and learning-based methods whose computation time is unpredictable, mak-

ing them unsuitable for time-critical UAV communication. This limitation aligns with

Research Gap G2 identified in Chapter 1: existing QUBO-based workflows are orga-

nized around a fixed single submission and lack a native mechanism for continuous

adaptation in time-varying environments. A framework is therefore needed that can

efficiently generate high-quality candidate topologies offline and support rapid adap-

tation during flight within the operational limits of UAV hardware. The following

sections present the system model and QUBO formulation designed to bridge this

gap.

4.3 System Model and Proposed Framework

This section develops the mathematical formulation for the UAV topology control

framework. The UAV communication network is first modeled as an undirected graph,

and an optimization objective that jointly considers throughput maximization and

structural fragility penalization is defined. The main notations used in this section

are summarized in Table 4.1. The objective is then expressed in the standard QUBO

form defined in Section 2.3, enabling direct execution on quantum annealing hardware.

Finally, the section describes how the resulting candidate topologies are integrated

into a real-time decision mechanism and discusses the compatibility of this framework

with SDN/O-RAN architectures.

Table 4.1: List of Key Notations Used in the Proposed Framework.
Symbol Description
V, N Set of UAVs and total number of nodes in the network
xij Binary variable indicating whether the communication link between UAV i and UAV

j is activated
x Decision vector representing one feasible UAV topology, namely a set of active links
Cij Channel capacity between UAV i and UAV j, computed from the Shannon capacity

formula with an SNR gap approximation for practical modulation
T (x) Total achievable throughput of topology x
F (x) Structural fragility penalty reflecting hub load imbalance
N (k) Neighbor set of node k
α, β Weight parameters balancing throughput and robustness
Q QUBOmatrix constructed from the objective coefficients at the ground control station
C Set of UAV topologies generated by the quantum annealer in the offline stage
Si(t) Real-time utility score of topology Xi at time t
El(t) Remaining energy of node l at time t
wperf, wlife Online weighting parameters balancing throughput and network longevity
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4.3.1 Network Model and Objective Function

We model the UAV communication network as an undirected graph G = (V , E), where
V denotes the set of UAVs with |V| = N , and E represents all potential communication

links between UAVs. Each link (i, j) ∈ E is associated with a binary decision variable

xij ∈ {0, 1}, indicating whether the link is activated. The set of all decision variables

forms the decision vector x, which defines one feasible topology.

The quality of a topology is measured by an objective function C(x) that captures

the trade-off between the overall throughput and structural robustness:

min
x
C(x) = −αT (x) + β F (x), (4.1)

where T (x) represents the proxy for total network throughput and F (x) penalizes

topological fragility. The parameters α and β control the trade-off between these

objectives. These weights are mission dependent and can be tuned according to ap-

plication priorities. For example, missions requiring continuous data transmission

such as UAV monitoring favor larger α, while long-endurance or patrol tasks prefer

higher β to emphasize structural robustness. To enable real-time quantum optimiza-

tion, we adopt the Aggregate Link Capacity (sum of all active link capacities) as a

part of the objective function, defined as:

T (x) =
∑

(i,j)∈E

Cij xij. (4.2)

Here Cij denotes the surrogate link capacity between UAV i and j, computed as

Cij = B log2
(
1 + γij/Γ

)
with Γ = 2.

The fragility term represents the vulnerability of a topology to node overload and

is formulated as follows.

F (x) =
∑
k∈V

 ∑
j∈N (k)

Ckj xkj

2

. (4.3)

This term penalizes topologies where a small number of UAVs carry disproportion-

ately high traffic loads. The quadratic form enforces balanced traffic distribution,

leading to more decentralized and resilient network structures.
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4.3.2 Stage 1: Offline Strategic Computation

The objective function can be reformulated into the standard QUBO form minx x
TQx

defined in Section 2.3, where Q is a symmetric matrix whose elements are derived

from the throughput and fragility coefficients. This mapping allows the problem to

be directly processed by a quantum annealer.

Algorithm 1: Topology Set Generation with Frequency-Based Penalty

1: Input: Initial QUBO matrix Q0, number of rounds R, samples per round k
2: Output: Topology set C
3: Initialize C ← ∅, Q← Q0

4: for r = 1 to R do
5: {Xr,1, . . . ,Xr,k} ← QuantumAnnealer(Q, k)
6: C ← C ∪ {Xr,1, . . . ,Xr,k}
7: Compute frequency matrix fij =

1
k

∑k
m=1 x

(r,m)
ij

8: P← λ diag(fij)
9: Q← Q+P
10: end for
11: return C

As summarized in Algorithm 1, the offline procedure iteratively updates the

QUBO matrix to promote exploration and prevent redundant solutions. At the be-

ginning of the process (lines 1–3), the ground control station initializes the QUBO

matrix Q0, specifies the number of annealing rounds R, and the number of samples

k to be drawn from each run.

For each round r ∈ R (lines 4–9), the quantum annealer executes a single an-

nealing process on the current QUBO matrix and outputs k candidate topologies

C = {Xr,1, . . . ,Xr,k}, which are merged into the candidate set C. To encourage

structural diversity, a similarity penalty matrix P is constructed according to the

occurrence frequency of active links across these k topologies. Specifically, for each

link (i, j), its activation frequency is computed as

fij =
1

k

k∑
m=1

x
(r,m)
ij , (4.4)

and a penalty proportional to this frequency is applied to the corresponding diagonal

term:

Pij,ij ← Pij,ij + λ fij. (4.5)
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The QUBO matrix is then updated as Q ← Q + P before the next round, guiding

subsequent annealing runs toward unexplored configurations. This iterative quan-

tum–penalty process continues until sufficient distinct topologies are generated, form-

ing the candidate set C used in the online stage.

4.3.3 Stage 2: Real-time Evaluation and Selection

Algorithm 2: Real-time Utility Evaluation and Topology Switching

1: Input: Candidate topology set C = {X1, . . . ,Xk}, weights wperf , wlife

2: Output: Selected topology for the current deployment Xsel

3: Initialize Xcurrent

4: repeat
5: Collect real-time metrics: {SINRjk(t)}, {El(t)}
6: for all Xi ∈ C do
7: Compute Si(t) using Eq. (6)
8: end for
9: i∗ ← argmaxi Si(t)
10: Xsel ← Xi∗

11: if Xsel ̸= Xcurrent then
12: Xcurrent ← Xsel

13: BroadcastSwitchCommand(Xcurrent)
14: end if
15: until termination condition

The second stage operates on UAVs during flight and is designed to be lightweight.

The swarm receives the precomputed candidate set C = {Xr,1, . . . ,Xr,k} from the

offline stage and continuously evaluates these topologies under current network con-

ditions. Because link quality and energy vary rapidly, the online stage focuses on real-

time adaptation by incorporating instantaneous SINR and residual energy, whereas

the offline stage emphasizes long-term communication stability. As summarized in

Algorithm 2, the online process executes a periodic evaluation–selection loop that

determines the most suitable topology at each decision interval.

At the beginning of each control cycle (lines 1–3), the UAV swarm initializes the

current topology Xcurrent and loads the candidate set C with two weighting param-

eters wperf and wlife, which balance throughput and energy. During each iteration

(lines 4–10), the UAVs first collect real-time network metrics, including instanta-

neous SINRjk(t) for all links and the remaining energy El(t) for each node. For every
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candidate topology Xi ∈ C, a utility score is computed as follow:

Si(t) = wperf

∑
(j,k)∈Xi

log2(1 + SINRjk(t)) + wlife min
l∈V(Xi)

(
El(t)

Einit

)
(4.6)

where the first term reflects short-term communication performance and the second

term represents normalized network endurance. After computing the utility for all

candidates, the topology with the highest score is selected:

Xsel = argmax
Xi∈C

Si(t). (4.7)

If the selected topology Xsel differs from the currently deployed one (lines 11–14),

a reconfiguration command is broadcast to all UAVs to update their active links

accordingly. This evaluation and switching strategy allows the swarm to react quickly

to variations in interference, mobility, or energy depletion without solving a new

optimization problem in flight. The loop continues until a termination condition is

satisfied, such as mission completion or network disconnection.

4.3.4 Compatible Deployment with SDN/O-RAN

To ensure deployability, our framework follows the SDN separation of the control

plane and user (data) plane. In this model, the ground controller maintains a global

view and offloads the computationally intensive QUBO optimization to a quantum

annealer. Meanwhile, the UAVs perform only lightweight execution and local mea-

surements. The same workflow maps cleanly to O-RAN. In the Non-RT RIC (non-

real-time RAN Intelligent Controller, > 1 sec timescale) hosted in the SMO/cloud,

rApps periodically generate and refresh a diverse set of candidate topologies and is-

sue policies or intent via the A1 interface. In the Near-RT RIC (near-real-time RIC,

0.01-1 sec control loops), edge xApps consume real-time link/SINR feedback over the

E2 interface and rapidly select or switch among those candidates. This architecture

aligns with the standard O-RAN functional split, which defines the Radio Unit (RU),

Distributed Unit (DU), and Centralized Unit (CU). These units are interconnected

by the fronthaul, midhaul, and backhaul transport networks. This hierarchical cloud-

edge design facilitates the primary goal of our framework: heavy QUBO computation

is offloaded to the cloud, while the UAVs perform only low-cost, seconds-scale selec-

tion and switching in practice.
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4.4 Experimental Evaluation

The proposed two-stage framework is evaluated under a controlled and fully repro-

ducible setup. Unless otherwise stated, all results are averaged over 20 independent

initial deployments and mobility traces per setting. The simulation horizon is 30

seconds with a 1 second time step. Classical optimization is performed using the D-

Wave simulated annealing solver on an Apple M4 Pro CPU, and quantum solutions

are obtained from a Qboson coherent Ising machine (CPQC-550) configured with a

fixed anneal schedule for fair comparison across runs [24]. Throughout this section,

Stage 1 refers to offline candidate set generation and Stage 2 refers to online real-time

selection. The baseline is a single optimization model that computes one topology

at t = 0 using the simulated annealing solver, maximizing total throughput without

considering network fragility or load imbalance.

4.4.1 Solution Quality and Diversity Comparison

(a) Offline objective value and solution di-
versity between QA and SA under five UAV
application scenarios, I0 through I4.

(b) Runtime scaling of a classical solver and
a quantum annealer for N = 25, 50, 100
(log–log scale). Error bars show standard
deviation across runs.

Figure 4.2: Comparison of QA and SA in Stage 1: (a) solution quality and diversity
across five traffic centralization scenarios; (b) runtime scaling with network size.

To evaluate the effectiveness of QA in generating high-quality and diverse topolo-

gies under the same time budget, five UAV application scenarios are designed that

differ in their levels of traffic centralization. Each scenario represents a UAV topology
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network with distinct communication patterns, ranging from evenly distributed flows

to highly centralized control, altering the network’s betweenness centrality distribu-

tion from 0.2 to 1.0 [61]. Each scenario was repeated three times, and in each run,

both QA and SA were allowed to generate ten topologies within an equal compu-

tation window. The comparison is presented in Figure 4.2a. Two metrics are used

for evaluation. The first is the offline objective value, which refers to the QUBO

objective value of each obtained topology, defined as a weighted combination of total

throughput and network fragility. A lower value indicates a topology with higher ag-

gregate throughput and more balanced traffic distribution, thus representing better

communication performance. The second is solution diversity, defined as the aver-

age pairwise Hamming distance among all generated topologies, where a higher value

reflects richer structural diversity.

As shown in Figure 4.2a, QA consistently achieves lower offline objective values

and higher diversity than SA. Quantitatively, QA improves the average solution di-

versity by 28.3% and reduces the objective value by 5.15% compared to SA under

identical runtime conditions. As discussed in Section 2.4, the sampling behavior of

QA differs structurally from that of classical stochastic solvers, which tend to con-

verge repeatedly to similar locally optimal regions. This difference in exploration

mechanism enables QA to produce a larger number of high-quality yet structurally

distinct candidate topologies within the same computation window. The resulting

diversity advantage yields a richer offline candidate pool for the subsequent online se-

lection stage, enhancing adaptability and overall network resilience in dynamic UAV

communication environments.

4.4.2 Quantum versus Classical Solver Performance

To examine the computational scalability of the QUBO formulation in Stage 1, the SA

solver is compared with a quantum annealer across N ∈ {25, 50, 100} (Figure 4.2b).

For N = 25, the classical SA solver is faster (median 0.011 seconds), which is expected

for small instances. However, its runtime increases sharply and reaches 196.5 seconds

at N = 100. The quantum annealer shows a more gradual increase, from 4.34 seconds

at N = 25 to 140.9 seconds at N = 100, with tight error bars indicating consistent

wall-clock behavior across instances. This consistency is important for planning large

offline batches, as it enables predictable completion of a structurally diverse candidate

set. Although classical solvers are faster for small UAV swarms, the quantum annealer
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exhibits more consistent runtime behavior and produces more diverse solutions as the

network size increases.

4.4.3 Performance-Fragility Trade-off Analysis

(a) Trade-off between network throughput
and load balance as a function of the
fragility weight β. Throughput (blue, left
axis) decreases as β increases, while load
balance (red, right axis), measured by the
standard deviation of nodal load, improves
accordingly.

(b) Normalized throughput over 30 seconds
under mobility with mission disturbances.
The dashed line at y = 1 marks the normal-
ization reference, and shaded bands show
95% confidence intervals over 20 runs.

Figure 4.3: Offline parameter selection and dynamic performance: (a) throughput
versus load balance trade-off as β varies; (b) performance retention comparison be-
tween the single optimization model and the dynamic two-stage framework.

Figure 4.3a quantifies how β balances performance and robustness. As β increases,

the hub penalty strengthens and both throughput and load imbalance decrease. A

clear drop appears near β = 0.01. At this point, the standard deviation of the load

improves by 77.0%, while the initial throughput experiences a reduction of 27.9%.

Beyond β = 0.01, additional robustness gains are small, but the throughput drops

more steeply. Therefore, β = 0.01 is selected for the generation of Stage 1 candi-

dates, as it provides an efficient compromise between structural integrity and initial

performance.
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4.4.4 Dynamic Performance Evaluation

The single optimization model is compared with the proposed dynamic two-stage

framework over a 30 second mobility window with a 1 second step. A standard air-

to-air channel with standard shadowing is assumed, and link capacities are mapped to

network throughput under time-division multiple access scheduling subject to exter-

nal environmental interference. To reflect realistic UAV operations, three disturbance

events are injected at approximately 12, 19, and 25 seconds, modeled as brief link

outages caused by maneuvering or blockage. The single optimization model com-

putes one fixed topology at t = 0 by maximizing total throughput. The dynamic

two-stage framework prepares a portfolio of 10 offline candidate topologies and per-

forms lightweight periodic selection with hysteresis and a minimum dwell time, while

modeling a short outage for topology switching.

The primary metric is performance retention (PR), defined as PR = 1
T

∑T
t=1

thr(t)
thr(0)

,

the time average of throughput normalized to each method’s own value at t = 0.

As shown in Figure 4.3b, the dynamic two-stage framework attains PR = 0.920,

outperforming the single optimization model at PR = 0.863, which corresponds to

a relative improvement of approximately 6.6%. The framework also recovers faster

after mission disturbances and exhibits lower variability, confirming the robustness

gained from offline structural diversity combined with online selection.

4.5 Summary

This chapter presented a two-stage framework to enhance the temporal robustness

of communication topologies in dynamic UAV networks. By introducing a fragility

penalty into a quantum-compliant QUBO optimization model, we generate inher-

ently resilient decentralized network structures. The offline generation of a diverse

topology set, combined with a lightweight online selection mechanism, provides a

practical and effective way to achieve sustained network performance without costly

in-flight re-optimization. This hybrid approach effectively balances strategic planning

with tactical agility, offering a promising solution for robust control in next-generation

UAV swarm systems. In future work, we will address scalability and latency via a hier-

archical hybrid scheme where classical graph partitioning decomposes large networks

exceeding quantum hardware limits, allowing our QUBO-based model to optimize

intra-swarm topology while classical methods refine inter-swarm coordination.
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Chapter 5

Adaptive Microservice Chain

Scheduling in the Cloud-Edge

Continuum

5.1 Introduction

This chapter investigates the microservice chain scheduling problem in the cloud-edge

continuum. It corresponds to Stage 3 in Table 1.1, namely discrete-continuous co-

design. Chapter 4 overcomes the limitation of fixed single-instance workflows in

time-varying environments by separating offline candidate generation from online

lightweight selection. However, the decision output of that chapter remains entirely

discrete and does not involve continuous resource allocation. In practical microservice

systems, a scheduler must determine not only the execution priority of tasks but also

the continuous execution rate allocated to each task under multidimensional resource

capacity constraints. QUBO natively supports only binary variables and cannot di-

rectly express such mixed decision requirements. Building on the preceding work, this

chapter constructs a mixed decision architecture that couples discrete ranking with

continuous rate allocation within a single control loop, thereby addressing Research

Gap G3, namely the limited decision expressiveness of existing QUBO workflows.

The content of this chapter is based on [23] and has been extended in experimental

analysis and methodological discussion.

As the computation capability of personal and edge devices grows, latency-sensitive

microservices can be deployed on edge nodes close to the user to improve the qual-
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Figure 5.1: End-to-end request paths and node-local scheduling bottlenecks in a
microservice-based user-facing application.

ity of service [6]. In interactive online services, microservices are typically composed

as directed acyclic graphs that process end-to-end requests [67]. Under this architec-

ture, performance bottlenecks often concentrate at node-local runtime scheduling [68].

Concurrent microservice instances from multiple workflows compete for multidimen-

sional computing resources on the same physical node [69]. This competition is a

key driver of end-to-end tail latency and service-level objective violations. In the

cloud-edge continuum, microservice execution times are highly stochastic. Input fluc-

tuations and multi-tenant interference can produce heavy-tailed latency distributions

and trigger head-of-line blocking. Meanwhile, service meshes provide traffic manage-

ment and observability, but their data-plane proxies may also introduce additional

overhead and amplify latency variability [70]. Consequently, a scheduler must handle

both discrete priority decisions and continuous multi-resource allocation constraints

within millisecond-scale budgets, while remaining robust to prediction errors.

Figure 5.1 depicts a microservice-based application in the cloud-edge continuum

and its end-to-end request paths. Requests arrive at edge ingress, where authen-

tication is performed followed by a cache lookup. On a cache hit, the response is

returned directly from the edge cache. On a cache miss, the request enters the edge

OCR microservice for text extraction and is then forwarded to the cloud-side infer-

ence pipeline. These processing stages create two contention points: the edge OCR
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queue and the cloud inference queue. Online scheduling decisions at these two nodes

directly shape end-to-end tail latency. Heavy-tailed service times and arrival rate

fluctuations caused by cache hit-miss traffic splitting can amplify head-of-line block-

ing effects. A few long-tail tasks can therefore inflate queueing delays even when

aggregate resources are sufficient, leading to service quality violations under bursts.

To tractably solve this mixed-integer optimization problem, this chapter proposes

a quantum-inspired adaptive robust scheduling framework called Q-GARS. The key

idea is to decompose the node-level scheduling decision into two phases. In the first

phase, the priority ranking of ready microservice instances is encoded as a QUBO

model. An annealing-type metaheuristic algorithm generates a high-quality discrete

ranking prior under strict time budgets. In the second phase, conditioned on the

ranking, the system computes continuous execution rates through network utility

maximization [27]. This yields a resource slicing strategy that satisfies multidimen-

sional capacity constraints. Because the ranking prior relies on runtime estimates,

predictions may fail under severe volatility. The chapter adopts an adaptive robust

execution mechanism that treats the prior policy as an untrustworthy expert [71,72]

and competes it in parallel with a stable robust baseline policy. The system adjusts

the trust in the prior online via an exponential weight update and ultimately ex-

ecutes an adaptive convex combination of the two. This design preserves empirical

performance gains when predictions are accurate and provides a provable performance

guarantee relative to the baseline when predictions degrade.

The specific contributions of this chapter are as follows. First, it designs a decou-

pled node-level scheduling architecture that maps QUBO-based discrete rankings to

continuous execution rates satisfying resource constraints. The ranking phase con-

trols the problem size to O(K2) binary variables through permutation encoding and

dynamic penalty coefficient calculation. The rate allocation phase solves continuous

resource slicing under the given ranking via network utility maximization. This two-

phase architecture directly realizes the coordination between QUBO as an intermedi-

ate abstraction layer and classical continuous control discussed in Chapter 2. Second,

it proposes a robust adaptive execution mechanism. By mixing the prior policy and

a robust baseline online via exponential weights, the mechanism provides a sublinear

regret guarantee relative to the robust baseline. Under non-stationary shocks, this

mechanism limits the 95th percentile queue backlog peak to 20% to 30% of the base-

line. Third, it conducts a systematic evaluation through large-scale discrete-event

simulations with 4096 parallel runs. The framework reduces the average weighted
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completion time by 2.1%, with improvements reaching 16.8% in complex topologies.

In high-volatility scenarios, the system effectively suppresses tail latency and ensures

rapid recovery.

The remainder of this chapter is organized as follows. Section 5.2 reviews related

work. Section 5.3 describes the system model and the global optimization objec-

tive. Section 5.4 presents the node-level QUBO formulation, the continuous resource

allocation mechanism, and the adaptive execution design. Section 5.5 conducts the

experimental evaluation and analyzes the results. Section 5.6 summarizes the chapter.

5.2 Related Work

In the traditional operations research domain, microservice scheduling and service

chaining problems are often formulated as ILP or MILP models. The general method-

ological foundations of such formulations are discussed in Section 2.2. Harutyunyan

et al. formulate a joint user association, service function chain placement, and re-

source allocation problem as an ILP, followed by a heuristic to address scalability [73].

Kiji et al. formulate multicast service chaining as an ILP that jointly decides VNF

placement and routing to minimize deployment and link-usage costs [74]. Beyond

service chaining, ILP is also a standard tool for delay-sensitive distributed server al-

location and fault-tolerant provisioning. Exact formulations are often accompanied

by approximation or heuristic methods to meet practical requirements [75,76]. These

methods provide a principled way to encode global coupling constraints and yield

optimal solutions when solved to optimality, but they often require heuristics, relax-

ations, or approximation algorithms to satisfy practical scalability and online time

budgets.

To overcome the computational bottleneck of exact ILP/MILP solvers, researchers

have begun adopting emerging computing paradigms such as quantum annealing

(QA) and simulated quantum annealing (SQA) for combinatorial subproblems in

scheduling. These paradigms require the problem to be transformed into a QUBO

representation, whose general conversion procedure is reviewed in Section 2.3. Zhang

et al. study the job-shop scheduling problem (JSP) and propose a rank-guided large

neighborhood search method that hybridizes a QUBOmodel with constraint program-

ming, achieving results competitive with state-of-the-art CP approaches on medium-

scale JSP instances [20]. The rank variable encoding used in that work provides a

reference for subsequent permutation-based QUBO formulations. Pérez Armas et al.
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study the resource-constrained project scheduling problem (RCPSP), systematically

compare 12 MILP formulations, convert the most qubit-efficient one into a QUBO

with explicit penalty terms for hard constraints, and evaluate it on the D-Wave Ad-

vantage 6.3 quantum annealer [77]. Although these studies are conducted on canonical

operations research benchmarks, the core structures captured by JSP and RCPSP,

namely precedence constraints and shared multi-resource capacity constraints, also

arise in microservice workflow scheduling. This supports using QUBO/QA as a time-

budgeted combinatorial search primitive for resource-constrained scheduling.

From a cloud systems perspective, recent microservice scheduling frameworks em-

phasize end-to-end QoS under communication overhead and multi-tenant resource

contention. Fu et al. propose Nautilus, which combines a communication-aware mi-

croservice mapper with contention-aware per-node resource management and runtime

migration mechanisms to improve resource efficiency while protecting tail-latency

objectives under interference [6]. These systems demonstrate the necessity of fast,

interference-aware control loops inside the cloud-edge continuum. However, their

node-level controllers typically rely on learned policies or heuristic rules rather than

an explicit, time-budgeted combinatorial search primitive that can rapidly explore

priority permutations under strict millisecond deadlines. This gap constitutes the di-

rect motivation for the decoupled design in this chapter, which uses QUBO/SQA to

generate a lightweight structural prior for ordering decisions while retaining continu-

ous multi-resource allocation and robust safeguarding to handle stochastic latencies.

The methodological positioning of such discrete-continuous co-design is discussed in

Section 2.5.

5.3 System Model

This section formalizes the microservice scheduling problem within the cloud-edge

architecture as a discrete-time control model. The system is managed through a two-

timescale architecture. The global orchestrator handles service placement logic over

coarse-grained periods. The node-level scheduler executes local control at millisecond-

scale decision epochs. At each discrete decision epoch, the system observes and

extracts the set of ready tasks that have satisfied their upstream directed acyclic graph

dependencies as the current state. The control action of the system is to compute

the instantaneous resource allocation rates subject to the multidimensional capacity

limits of the heterogeneous nodes. The global optimization objective of the system is
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to minimize the total weighted completion time of all microservice workflows. Given

the large scale of active workflows and microservices, the global objective function

is computationally intractable to solve directly within a single decision epoch. The

node-level controller utilizes local queueing delay and resource contention penalties as

a tractable surrogate for this global objective to make real-time decisions. Table 5.1

summarizes the core mathematical notations used throughout this chapter.

Table 5.1: Summary of Core Sets, States, and Decision Variables

Sets and System Parameters

Notation Description

J Set of user request workflows, indexed by j

M Set of heterogeneous compute nodes, indexed by m

Cm Multidimensional computing resource capacity vector Cm ∈ Rd
+

ωj Service level agreement weight of workflow j

State and Control Variables

Notation Description

t Discrete decision epoch

Sm(t) Node-local active ready microservice set at decision epoch t

rv(t) Multidimensional execution rate vector allocated to microservice v

r∗(t) Final deterministic mixed execution rate vector

λ(t) Adaptive trust parameter for the online learning framework

Intermediate Algorithmic Variables (Section 5.4)

Notation Description

r Discrete execution rank index for microservices

cv,r Base linear proxy cost of assigning microservice v to rank r

θv(t) Continuous computing resource allocation share for microservice v

5.3.1 Infrastructure and System State

The physical cloud-edge infrastructure is modeled as a set of heterogeneous compute

nodesM. Each node m ∈ M possesses a multidimensional resource capacity vector

Cm ∈ Rd
+, covering hardware limits such as CPU, memory, and network bandwidth.

These limits mathematically define a multidimensional packing polytope, which es-

tablishes the physical boundary for local node scheduling. User service requests are
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represented as a set of workflows J . Each workflow j ∈ J is mapped to a directed

acyclic graph Gj = (Vj, Ej). The vertices v ∈ Vj represent specific microservice

tasks. The directed edges (u, v) ∈ Ej represent strict upstream data dependencies

between tasks. The execution node assigned to task v by the global orchestrator is

denoted µ(j, v) ∈ M. Because the actual execution latencies of microservices are

non-clairvoyant, the node-level scheduler acts solely based on the observable state

at discrete decision epochs t. A key component of the observable local state is the

node-local ready set Sm(t). The system telemetry state simultaneously includes the

queue backlog qv(t) and the observed enqueue rate av(t) for task v. Task v is included

in Sm(t) and becomes eligible to compete for available intra-node resources only when

all its upstream predecessor tasks u have completed and µ(j, v) = m.

5.3.2 Control Action and Surrogate Objective

After the system state is defined, the control action and the optimization objec-

tive are further specified. At each decision epoch t, the scheduler on node m allo-

cates an instantaneous multidimensional execution rate vector rv(t) ∈ Rd
+ to each

task v in the local active ready set Sm(t). The aggregate resource allocation for

all concurrent tasks must satisfy the multidimensional packing polytope constraint.

This polytope is mathematically defined as a time-dependent set of decision vectors:

Pm(t) = {{rv(t)}v∈Sm(t) : rv(t) ≥ 0,
∑

v∈Sm(t) rv(t) ≤ Cm}. The global optimization

objective of the system is to minimize the total weighted completion time of all work-

flows, formulated as min
∑

j∈J ωjCj, where Cj represents the end-to-end completion

time of the final microservice task in workflow j. Because of the non-clairvoyant na-

ture of the real physical environment, the actual execution latency pv of a microservice

is stochastic and unknown. The system can only observe this latency upon task com-

pletion. This makes the global objective function intractable to solve directly within

a single decision epoch. To obtain an implementable online scheduler, the chapter ap-

proximates the global weighted-completion-time objective with a node-local surrogate

that can be evaluated at each millisecond-scale decision epoch.

Intuitively, the scheduler should (i) prioritize tasks with large backlogs to reduce

queueing delay and tail latency, and (ii) avoid co-running strongly interfering tasks

to mitigate resource contention. Accordingly, the surrogate objective takes the form

min
∑

v∈Sm(t)

ϕ(qv(t), θv(t)) +
∑
v<u

ψ(rv(t), ru(t)) , (5.1)
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where ϕ quantifies per-task delay pressure. Under the scalar resource share θv intro-

duced in Section 5.4.3, ϕ is instantiated as

ϕ(qv, θv) =
qv
θv
, (5.2)

which is strictly decreasing and strictly convex in θv for θv > 0. This convexity

property is used in the theoretical guarantee of Section 5.4.4. The term ψ quantifies

pairwise contention for shared resources. These two components serve different archi-

tectural phases of the framework. In Section 5.4.2, ϕ and ψ are jointly encoded into a

permutation-based QUBO model: ϕ induces the linear ranking cost cv,r that captures

the urgency of placing v at rank r, and ψ induces the pairwise interference coeffi-

cient Qv,u modulated by a distance-decaying kernel g(·). In the adaptive execution

phase of Section 5.4.4, the permutation has already been fixed and the contribution

of ψ has been absorbed into the discrete ranking result. The real-time shadow loss is

therefore computed from the aggregate ϕ values only, which preserves the convexity

of the per-epoch cost with respect to the rate vector.

5.4 Quantum-Inspired and Adaptive Robust Schedul-

ing Framework

This section presents an online scheduling framework to approximately solve the local

surrogate objective introduced in Section 5.3.2 under millisecond-level decision bud-

gets. Figure 5.2 illustrates the overall architecture of this framework. The system

uses a local quantum annealing simulator driven by SQA algorithms. Because the

framework models the scheduling problem as a standardized QUBO via the simu-

lator, it is entirely decoupled from the underlying solver. This design is consistent

with the positioning of QUBO as an intermediate abstraction layer discussed in Sec-

tion 2.3, allowing the system to seamlessly switch to real physical quantum annealing

devices once edge-quantum hardware matures or communication latency bottlenecks

are resolved. To achieve this goal, the framework adopts a four-phase design: lo-

cal state extraction and dimensionality reduction, quantum-inspired structural prior

generation, continuous rate allocation, and adaptive robust execution.
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Figure 5.2: Overview of the closed-loop adaptive scheduling framework integrating
SQA and real-time feedback control.

5.4.1 State Extraction and Dimensionality Reduction

In the first phase, at each decision epoch t, the node-level controller extracts the

local active ready set Sm(t) from the workflow directed acyclic graphs, as illustrated

by the leftmost module in Figure 5.2. Since microservices in Sm(t) have satisfied all

hard upstream dependencies, they are eligible to compete for intra-node computing

resources. Directly optimizing the continuous multidimensional execution rate vector

rv(t) for all ready microservices is prohibitive due to the combinatorial structure

induced by contention and priority interactions. To limit the combinatorial search

space, the system retains only the top K candidate microservices according to a

lightweight priority score, using the arrival order as a tie-breaker. This forms a

dynamic active window S̃m(t) and yields O(K2) binary variables in the subsequent

permutation-indexed QUBO encoding.

5.4.2 QUBO Formulation and Rank Generation

In the second phase, the microservice prioritization is mapped into a QUBO model.

Binary decision variables xv,r ∈ {0, 1} are defined for the active window S̃m(t). This

variable equals 1 if microservice v ∈ S̃m(t) is assigned to the r-th execution rank and

equals 0 otherwise, where 1 ≤ r ≤ K. The complete objective function consists of a

cost part and a penalty part: H(x) = Hcost(x) +Hpen(x).

The cost function captures the linear delay penalties and soft non-linear computing

resource contention among microservices:
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Hcost(x) =
∑

v∈S̃m(t)

K∑
r=1

cv,rxv,r +
∑

v,u∈S̃m(t)
v ̸=u

∑
1≤s<r≤K

g(r − s)Qv,u xv,r xu,s (5.3)

The term cv,r represents the base linear proxy cost of assigning microservice v

to rank r. It is induced by the delay-pressure function ϕ (Section 5.3.2) under the

rank substitution and is defined as cv,r = qv(t) · r, where qv(t) is the current queue

backlog of v. This definition captures a direct scheduling intuition: tasks with larger

backlogs incur higher cost when placed at lower priority rank positions. Because

explicit concurrent execution overlap is difficult to model using pure ordinal variables,

the chapter introduces Qv,u as an order-induced interference proxy that captures

the contention intensity between two tasks for shared resources. It is defined as

Qv,u = qv(t) qu(t)/(maxw∈S̃m(t) qw(t))
2, which ensures Qv,u ∈ [0, 1]. The distance decay

kernel is defined as g(∆) = exp(−β∆), where β > 0 is a decay rate parameter and

∆ = r−s ≥ 1. This kernel satisfies g(∆) ∈ (0, 1) and decreases with rank separation.

Its physical interpretation is that the externality of resource contention imposed on

microservice v at rank r by a competing microservice u at a higher-priority rank s

decays as the rank gap between them increases.

To convert the problem into an unconstrained form, the penalty function enforces

a strict one-to-one mapping between tasks and ranks via quadratic terms:

Hpen(x) = A
∑

v∈S̃m(t)

(
K∑
r=1

xv,r − 1

)2

+B
K∑
r=1

 ∑
v∈S̃m(t)

xv,r − 1

2

(5.4)

This quadratic penalty encoding of permutation constraints follows the general QUBO

constraint embedding procedure introduced in Section 2.3. A and B are penalty

coefficients. Static empirical lower bounds often generate excessively large penalty

weights that overwhelm the underlying cost optimization objective and cause the

solver to stall in local optima. To resolve this issue within millisecond budgets, the

chapter adopts a dynamic maximum marginal cost method to automatically set the

penalty coefficients. Given that the distance-decaying kernel satisfies 0 ≤ g(r−s) ≤ 1,

it can be safely omitted to form a conservative upper bound for quadratic interactions.

During the construction of the cost matrix, the system calculates the maximum local

objective increment that can occur when any single microservice is assigned. The
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penalty coefficients are set as A = B = maxv∈S̃m(t)(maxr cv,r+
∑

u̸=v Qv,u). This choice

serves as a conservative sufficient condition. It ensures that the penalty incurred by

any single-variable move violating the constraints cannot be offset by an improvement

in the cost Hamiltonian Hcost. This dynamic calculation strictly bounds the time

complexity to O(K2). It generates adaptive penalty bounds that ensure feasibility

dominance while avoiding the additional latency imposed on the control loop by

complex matrix parsing operations.

5.4.3 Continuous Computing Resource Allocation

In the third phase, the system translates the discrete microservice permutation into

continuous resource allocation. Because the data dependency of microservices and re-

source interference exhibit strong non-convex combinatorial optimization properties,

directly solving for continuous rates leads to severe local optima. Therefore, the chap-

ter adopts the decoupled scheduling principles common in modern operating systems:

the system first determines the execution rank of the microservices and subsequently

partitions the continuous computing resources.

The system translates the discrete ordering into a continuous relative weight w̃v(t).

This soft isolation mechanism eliminates the system overhead incurred by hard pre-

emption such as context switching [78]. To ensure deterministic weight assignment

and strictly favor critical microservices, the chapter adopts an exponential decay

mapping strategy. For a microservice v ∈ S̃m(t) assigned to the execution rank r

(r ∈ {1, 2, . . . , K}), its weight is defined as w̃v(t) = γK−r, where γ > 1 is a tunable

decay factor. For ready microservices that do not fall into the truncated active win-

dow, namely v ∈ Sm(t) \ S̃m(t), the system assigns a minimal base weight 0 < ϵ≪ 1

to prevent complete starvation without disrupting the active window’s dominance.

Finally, to obtain a closed-form solution that satisfies multidimensional resource

physical constraints under millisecond budgets, resources are allocated based on the

classical network utility maximization theory [79]. The computing resource alloca-

tion share of microservice v at time t is defined as a continuous scalar θv(t) ∈ (0, 1].

To avoid complex multi-commodity flow calculations under strict millisecond la-

tency budgets, this scalar is mapped uniformly across all hardware dimensions as

a normalized computing resource share. Let Cm denote the multidimensional ca-

pacity vector of machine m; the execution rate vector of microservice v is formal-

ized as rqv(t) = θv(t)Cm. This implies that the multidimensional physical constraint
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∑
v∈Sm(t) r

q
v(t) ≤ Cm is mathematically equivalent to a simplified scalar constraint∑

v∈Sm(t) θv(t) ≤ 1. To achieve weighted proportional fairness, a logarithmic utility

function is introduced as the optimization objective:

max
θ(t)

∑
v∈Sm(t)

w̃v(t) log(θv(t))

s.t.
∑

v∈Sm(t)

θv(t) ≤ 1, θv(t) > 0, ∀v ∈ Sm(t)
(5.5)

The use of logarithmic utility to achieve proportional fairness originates from the

foundational work of Kelly et al. [27]. Because the objective function is strictly

concave and the constraints form a standard probability simplex, strong duality holds

for this optimization problem. By applying the Karush-Kuhn-Tucker conditions,

θv(t) ∝ w̃v(t) and the capacity constraint is tightly binding. This directly yields a

closed-form continuous rate allocation scheme:

θ∗v(t) =
w̃v(t)∑

u∈Sm(t) w̃u(t)
=⇒ rqv(t) =

(
w̃v(t)∑

u∈Sm(t) w̃u(t)

)
Cm (5.6)

This mechanism accurately preserves the relative priority structure implied by the dis-

crete permutation via θv(t) ∝ w̃v(t). The aggregate normalization ensures that the

allocation scheme fully utilizes the node capacity without violating the multidimen-

sional strict boundary Pm(t), achieving safe and instantaneous continuous resource

slicing.

5.4.4 Adaptive Robust Execution and Safety Guarantee

The SQA-produced ranking prior can be unreliable under severe runtime volatility.

To ensure worst-case robustness, the chapter adopts a learning-augmented execution

rule with untrusted predictions [71, 72]. At each decision epoch t, the quantum-

guided allocator and a robust baseline allocator are treated as two competing experts,

producing feasible rate vectors rq(t) and rb(t), respectively. A trust weight λ(t) ∈ [0, 1]

is maintained for the quantum-guided expert, initialized as λ(1) = 0.5.

Shadow Loss and Weight Update

To obtain a fast and stable feedback signal within millisecond budgets, a lightweight

shadow model computes per-epoch surrogate losses L̂q(t) and L̂b(t) for the two ex-
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perts. Specifically, L̂q(t) (respectively L̂b(t)) evaluates only the delay-pressure compo-

nent
∑

v∈Sm(t) ϕ(qv, θv) of the surrogate objective defined in Section 5.3.2 at the rate

vector rq(t) (respectively rb(t)). Because the permutation is fixed in Section 5.4.2,

the pairwise contention term ψ has been absorbed into the discrete ranking result

and does not enter the shadow loss. Each epoch’s shadow loss is normalized to [0, 1]

by dividing by the maximum single-epoch delay pressure maxt
∑

v qv(t)/θv(t).

The trust weight is updated using the standard exponential-weights (Hedge) rule:

λ(t+1) =
λ(t) exp

(
−ηL̂q(t)

)
λ(t) exp

(
−ηL̂q(t)

)
+ (1−λ(t)) exp

(
−ηL̂b(t)

) , (5.7)

where η > 0 is a learning rate.

Deterministic Rate Mixing

The node-level scheduler executes a deterministic convex combination of the two

feasible allocations:

r∗(t) = λ(t) rq(t) +
(
1−λ(t)

)
rb(t). (5.8)

Because both rq(t) and rb(t) lie in the feasibility polytope Pm(t) and Pm(t) is convex,

the mixed rate r∗(t) is also feasible for every λ(t) ∈ [0, 1].

Regret Guarantee

The formal performance guarantee of the adaptive mechanism is now stated.

Assumption 1. The per-epoch surrogate losses satisfy L̂q(t), L̂b(t) ∈ [0, 1] for all t.

Assumption 2. The per-epoch scheduling cost c(r, t) is convex in the rate vector r

for each decision epoch t.

Because the shadow loss is computed from the delay-pressure component ϕ alone

(see Section 5.4.4), Assumption 2 requires only that ϕ(qv, θv) = qv/θv is convex in θv.

For θv > 0, the second derivative d2ϕ/dθ2v = 2qv/θ
3
v > 0, so Assumption 2 holds by

construction.

Proposition 1. Under Assumptions 1 and 2, the cumulative scheduling cost of the

mixed policy r∗(t) over a horizon of T decision epochs satisfies

T∑
t=1

c
(
r∗(t), t

)
≤ min

{
T∑
t=1

c
(
rq(t), t

)
,

T∑
t=1

c
(
rb(t), t

)}
+

ln 2

η
+
η T

8
. (5.9)
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Proof. Fix an arbitrary epoch t. By Assumption 2 and the definition of convexity,

c
(
r∗(t), t

)
= c
(
λ(t) rq(t) + (1−λ(t)) rb(t), t

)
≤ λ(t) c

(
rq(t), t

)
+ (1−λ(t)) c

(
rb(t), t

)
.

The right-hand side is the cost of a randomized choice between two experts with

mixture weight λ(t), which is exactly the quantity governed by the Hedge algorithm.

Summing over t = 1, . . . , T and applying the two-expert Hedge regret bound [80]

yields (5.9).

The regret term ln 2
η

+ ηT
8

is minimized at η∗ =
√

8 ln 2/T , yielding O(
√
T ) cumu-

lative regret and thus O(1/
√
T ) vanishing average regret. In practice, the decision

horizon T is not known in advance. The learning rate η is therefore set as a fixed

constant calibrated to the expected episode length. Section 5.5 validates empirically

that this choice provides effective adaptation across both shock and recovery regimes.

When the quantum-guided prior becomes unreliable, the surrogate loss L̂q(t) in-

creases relative to L̂b(t), causing λ(t) to decrease via (5.7). The scheduler thereby

shifts weight toward the robust baseline without operator intervention. Proposition 1

guarantees that the cost of this mixed policy never exceeds the cost of the better ex-

pert by more than O(
√
T ) over any horizon, providing a worst-case safeguard against

non-stationary prediction failures.

5.5 Experimental Evaluation

To validate the effectiveness of Q-GARS, a discrete-event simulation platform was

constructed. To satisfy the millisecond decision budgets established in Section 5.3.2,

the evaluation environment was deployed on a high-performance computing cluster

equipped with a local NVIDIA A40 GPU. This local coprocessor architecture elim-

inates cloud communication latency. For the active window size K ≤ 100 defined

in Section 5.4.1, the resulting QUBO models contain up to 10,000 binary variables

with dense interaction structures from the permutation encoding. The largest cur-

rent quantum annealing processor, the D-Wave Advantage, has approximately 5000

physical qubits with a Pegasus topology providing 15 connections per qubit [54]. For

densely interacting QUBO instances, the number of physical qubits required by mi-

nor embedding far exceeds the number of logical variables, making a 10,000 variable

instance infeasible for native embedding on current QPU hardware. The experiments

therefore employ a local SQA solver, which resolves these models in sub-millisecond
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Figure 5.3: (a) Histogram showing the distribution of relative performance improve-
ments over the greedy baseline. (b) Scatter plot comparing solution quality, indicating
consistent improvements in high-cost regions.

time. As discussed in Section 5.4, because the framework is decoupled from the

underlying solver through a standardized QUBO interface, the system can seam-

lessly switch to physical quantum annealing devices once future quantum hardware

surpasses current qubit count and connectivity limitations, without modifying the

framework architecture. The experiments simulated tens of thousands of concurrent

workflows using Monte Carlo methods to ensure statistical significance. The evalua-

tion consists of three progressive phases: structural prior gain, worst-case robustness,

and system dynamics at scale.

5.5.1 Performance Gain from Structural Prior

The performance improvement brought by the quantum-inspired structural prior is

first quantified. A dataset of directed acyclic graphs was generated. The number of

nodes per graph follows a uniform distribution between 10 and 50, with a maximum

concurrency width ranging from 2 to 8. The sequence generated by Q-GARS was

compared against a greedy baseline policy based on the shortest remaining processing

time. To ensure a rigorous comparison, both discrete ordering results are fed into the

NUM module described in Section 5.4.3 for continuous rate slicing.

Figure 5.3(a) shows the distribution of optimization gains among N = 10,000

independent samples. The structural prior significantly reduces the global weighted

completion time, achieving a 2.1% mean improvement, with the maximum improve-
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Figure 5.4: (a) Impact of increasing uncertainty level α on average weighted comple-
tion time. (b) Cumulative Distribution Function (CDF) of completion times under
high volatility (α = 1.5), highlighting the mitigation of heavy tail risks.

ment reaching 16.8%. The scatter plot in Figure 5.3(b) further compares the solution

quality. As the baseline objective value increases, the solution of Q-GARS consis-

tently remains in the “Better Region” below the diagonal. This demonstrates the

solving consistency of the algorithm within complex state spaces.

5.5.2 Resilience Under Stochastic Volatility

In real world, cloud-edge environments exhibit stochastic execution times [69]. In

the second phase, the stochastic latency model is parameterized using α to control

the magnitude of fluctuations and inject tail latency. Figure 5.4 demonstrates the

performance of different scheduling mechanisms regarding the weighted completion

time under uncertainty. As shown in Figure 5.4(a), Q-GARS consistently maintains

the lowest average weighted completion time at all uncertainty levels. In the near-

deterministic regime (α ≈ 0), the static prior policy performs comparably to Q-

GARS. As volatility increases (e.g., α ≥ 0.25), Q-GARS rapidly establishes a gap and

consistently outperforms both the static prior and the robust baseline policy. Even

in the high-noise regime, the performance of the robust baseline merely approaches

Q-GARS but does not surpass it in the experiments. In a highly volatile setting

(α = 1.5), the upper-tail cumulative probability distribution in Figure 5.4(b) shows

that Q-GARS and the robust baseline significantly shift the worst completion times to

the left compared to the static prior. This indicates that the adaptive trust parameter
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Figure 5.5: System dynamics under a simulated shock interval from time step 300 to
900. (a) The cross-system mean trust parameter λ̄(t) drops to trigger the safeguard
mode. (b) Q-GARS effectively suppresses the peak surge of the 95th percentile queue
backlog. (c) Blocked capacity ratio is minimized and recovers to near-zero levels
fastest.

effectively mitigates extreme latency events. Overall, these observations are consistent

with the guarantee of Proposition 1. In the low-uncertainty regime, the ranking prior

is accurate and Q-GARS tracks the static prior. In the high-uncertainty regime, the

prior degrades, λ(t) decreases via the Hedge update, and Q-GARS automatically falls

back toward the robust baseline. In the intermediate regime, the mixed policy tracks

whichever expert performs better. Proposition 1 guarantees that the cumulative

cost of the mixed policy exceeds that of the better expert by at most O(
√
T ); the

crossover behavior of the three curves in Figure 5.4(a) is an empirical manifestation

of this theoretical property.

5.5.3 System Dynamics and Shock Recovery

Finally, large-scale system resilience was evaluated through long-horizon simulations

of 4096 independent parallel systems. A shock interval from time step 300 to 900

is marked with vertical dashed lines in Figure 5.5. During this period, node failure

rates and prediction errors increase sharply.

As shown in Figure 5.5(a), the cross-system mean trust parameter λ̄(t) drops

rapidly during the shock. This indicates that the shadow loss signal detects pre-

diction degradation. The system moves toward safeguard mode via the exponential

weight update rule detailed in Section 5.4.4. After the shock subsides, the trust pa-

rameter gradually recovers and the system re-enables the benefits of predictive priors.

Figure 5.5(b) reports the 95th percentile queue backlog. Compared with non-adaptive

baselines, Q-GARS significantly suppresses the peak backlog surge. Specifically, its
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peak is approximately 20% to 30% of the SRPT-pred baseline. Figure 5.5(c) shows

the blocked capacity ratio. Q-GARS maintains a lower capacity loss during the shock

interval and returns to near-zero levels fastest after recovery. Together, these results

empirically demonstrate the graceful degradation and fast recovery capabilities of the

framework in non-stationary environments.

5.6 Summary

This chapter investigates the microservice chain scheduling problem in the cloud-

edge continuum and proposes the Q-GARS framework, which effectively mitigates

head-of-line blocking in heterogeneous computing environments by integrating the

combinatorial optimization capabilities of QUBO with the robustness of proportional

fairness. The core design is a decoupled two-phase architecture: the first phase en-

codes node-level priority ranking as a QUBO and generates a discrete ranking prior

through an annealing-type solver; the second phase translates the discrete ranking

into continuous resource allocation satisfying multidimensional capacity constraints

via network utility maximization. The adaptive robust execution mechanism pre-

serves performance gains when the prior is accurate and provides an O(
√
T ) regret

guarantee relative to the robust baseline when the prior degrades. At the method-

ological level, this chapter directly addresses Research Gap G3. In Chapters 3 and 4,

the decision outputs are entirely discrete. This chapter demonstrates that QUBO can

serve as a component within a larger mixed decision loop, where discrete ranking and

continuous rate allocation are coordinated within a single control loop. This validates

the positioning of QUBO as an intermediate abstraction layer in Section 2.3: QUBO

is not an endpoint solution method but an interface connecting combinatorial search

with classical continuous control.

In the current experiments, the QUBO scale exceeds the native embedding capac-

ity of existing quantum annealing hardware, and therefore an SQA solver is employed.

However, the solver-agnostic design of the framework ensures that when quantum

hardware achieves sufficient qubit count and connectivity to satisfy embedding re-

quirements, the system can switch directly to physical quantum annealing devices.

Furthermore, the current permutation encoding limits the active window size, and

hierarchical decomposition methods that scale to larger workflows represent a direc-

tion for future work. The next chapter elevates the problem from domain-specific

modeling to the level of automated QUBO formulation and hybrid orchestration.
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Chapter 6

Automated QUBO Formulation

and Hybrid Orchestration for

Combinatorial Optimization

This chapter investigates automated QUBO formulation and scalable hybrid solving

for general combinatorial optimization problems. It corresponds to Stage 4 in Ta-

ble 1.1, namely LLM-driven automated formulation and hybrid orchestration. Chap-

ters 3 – 5 validate the operability, dynamic adaptability, and discrete-continuous co-

ordination capability of QUBO-based workflows in domain-specific settings, but the

QUBO construction process in each case still relies on manual modeling. Meanwhile,

even when a correct QUBO is obtained, the physical scale of a single quantum device

limits direct solving for large problem instances. This chapter addresses Research

Gaps G1 and G4 simultaneously. It automates the conversion from a structured

MILP to a hardware-aware QUBO through an LLM-driven transformation engine,

and it separates the binary master problem from the continuous subproblem through

Benders decomposition so that large-scale instances exceeding the capacity of a sin-

gle quantum processor can be solved within a hybrid framework. The content of

this chapter is based on [2] and has been extended in methodological discussion and

experimental analysis.
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6.1 Introduction

Section 2.3 discusses in detail the conversion pipeline from constrained optimization

models to QUBO, including four core steps: binarization, penalty reformulation,

slack variable introduction, and variable encoding. Chapters 3 – 5 each execute

this pipeline within their respective application settings. The practical experience

from these chapters confirms that QUBO modeling is well understood in principle,

yet each new problem still requires the analyst to carry out the entire conversion

process manually. Specifically, the modeler must identify constraint types and select

the corresponding penalty structures, determine the bit-width of slack variables to

control the dimensional growth of the QUBOmatrix, and calibrate penalty coefficients

so that they are large enough to enforce constraint satisfaction without distorting the

energy landscape to the point of degrading solver performance [12, 21]. Existing

tools such as PyQUBO provide syntax-level support but do not automate constraint

analysis or penalty calibration [56]. This situation has a direct analogy in classical

computing: it is equivalent to a state in which no compiler exists and users must

manually translate high-level logic into low-level machine instructions. This chapter

refers to this obstacle as the formulation bottleneck and proposes to eliminate it

through LLM-driven automation.

Recent research has made notable progress in using large language models to

convert natural language problem descriptions into structured mathematical models

automatically. The NL4Opt competition established the entity recognition based aut-

oformulation task [81]. Subsequent systems such as OptiMUS built end-to-end LLM

agent pipelines that generate solvable MILP code directly from natural language de-

scriptions [82]. LLMOPT and ORLM further introduced fine-tuning methods on

open-source models to improve modeling accuracy [28,83]. However, these efforts fo-

cus on the conversion stage from natural language to MILP. Their output is an MILP

model that can be processed directly by classical solvers such as Gurobi. The subse-

quent conversion from MILP to a hardware-compatible QUBO still requires manual

effort. At the QUBO generation level, PyQUBO provides a syntactic interface that

compiles Python-defined constraints into QUBO matrices [56]. AutoQUBO employs a

data-driven interpolation method to extract QUBO coefficients automatically [13,15].

Volpe et al. proposed an automated framework supporting end-to-end conversion from

classical optimization models to quantum solvers [84]. However, none of these tools

performs constraint type analysis, penalty weight calibration, or hardware-aware bina-
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rization precision control. The complete automation of the pipeline from a structured

MILP to a deployable QUBO therefore remains an open problem.

Even if the QUBO construction process is fully automated, encoding a large-scale

problem into a single QUBO matrix still faces a severe scalability problem. When

the problem contains continuous variables, each variable requires a K-bit binary ex-

pansion, causing the dimension of the QUBO matrix to grow quadratically with the

product of the variable count and the encoding precision. The experiments in Sec-

tion 6.4 will show that on a moderately sized facility location instance, the monolithic

QUBO approach fails to reduce the optimality gap to an acceptable range within a

bounded time budget [2]. This result is consistent with the discussion in Section 2.5,

where embedding overhead is shown to scale unfavorably with problem density and

size. To address this, the chapter introduces Benders decomposition as a scalability

strategy. This method partitions the original MILP by variable type into a binary

master problem and a continuous subproblem. The master problem is encoded as a

compact QUBO suitable for quantum annealers. The subproblem is solved as a lin-

ear program by a classical solver. The two components exchange information through

iteratively generated Benders cuts until convergence. This division of labor enables

large-scale instances that exceed the capacity of a single quantum device to be solved

within a hybrid framework [2].

The framework proposed in this chapter consists of two core stages and an op-

tional decomposition path. The first stage uses an LLM to parse a natural language

problem description into a structured MILP model. The LLM is guided to identify

five component categories: sets, parameters, decision variables with their types, the

objective function, and constraints. Accurate classification of variable types at this

stage is critical because it directly determines the binarization logic in the subse-

quent QUBO conversion. The second stage is the core contribution of this chapter:

an LLM-driven QUBO transformation engine. This engine programmatically imple-

ments the QUBO conversion pipeline described in Section 2.3. Equality constraints

are converted into penalty terms of the form (LHS −RHS)2. Inequality constraints

are first augmented with bit-width-minimized slack variables and then converted into

equality penalties. Special-structure constraints, such as the pairwise exclusion con-

straint xi + xj ≤ 1, are recognized and encoded as the more compact penalty term

P · xixj. For problems that exceed the capacity of the target quantum device, the

framework activates a Benders decomposition path. The binary master problem is

sent to the QUBO transformation engine, while the continuous subproblem is handled
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by a classical solver.

The main contributions of this chapter are as follows. First, it proposes an LLM-

driven MILP-to-QUBO transformation engine that generates QUBO matrices with

constraint type analysis, penalty weight assignment, and hardware-aware binarization

precision control from a structured MILP, without requiring quantum computing ex-

pertise from the user [2]. Second, it integrates this transformation engine into a

Benders decomposition framework in which the binary master problem is processed

in QUBO form by a quantum annealer or a classical QUBO solver, while the contin-

uous subproblem is solved by a classical solver. This integration is validated exper-

imentally on large-scale problem instances. Third, it verifies the correctness of the

automatically generated QUBO on nine classes of classical combinatorial optimization

problems, and evaluates the solving efficiency and optimality gap of the hybrid Ben-

ders decomposition method against direct MILP solving with Gurobi across different

problem scales.

The remainder of this chapter is organized as follows. Section 6.2 discusses the

literature most relevant to this chapter, focusing on LLM-assisted optimization mod-

eling and automated QUBO generation. Section 6.3 describes the overall framework

architecture in detail, including LLM-driven problem structuring, the design of the

QUBO transformation engine, and the integration of Benders decomposition. Sec-

tion 6.4 reports experimental results, covering QUBO generation correctness verifi-

cation, a demonstration of the scalability bottleneck of monolithic QUBO, and the

performance evaluation of the hybrid Benders decomposition method. Section 6.5

summarizes the chapter.

6.2 Related Work

Chapter 2 provides a comprehensive literature foundation covering the methodological

chain from classical mathematical programming through QUBO to hybrid execution

paths. This section does not repeat that review. Instead, it focuses on two specific

directions that are directly relevant to the core contribution of this chapter: research

on using large language models to convert optimization problems from natural lan-

guage or structured descriptions into mathematical models automatically, and tools

and frameworks that convert mathematical models into QUBO matrices.

Research on converting natural language problem descriptions into structured op-

timization models has advanced rapidly in recent years. The NL4Opt competition
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divided this task into named entity recognition and formula generation subtasks, es-

tablishing early benchmarks for the field [81, 85]. Subsequent work has developed

along two directions. Among prompt-based methods, OptiMUS constructed a multi-

agent LLM system that generates solvable MILP code through modular state rep-

resentation, automated test generation, and confidence-guided iterative correction,

substantially outperforming direct prompting baselines on the NLP4LP and NL4Opt

datasets [82]. Among fine-tuning-based methods, ORLM proposed a semi-automated

data synthesis pipeline for fine-tuning open-source models [83], and LLMOPT em-

ployed multi-instruction supervised fine-tuning to improve modeling accuracy across

a broader set of problem types [28]. The output of all these systems is an MILP model

that can be processed by classical solvers such as Gurobi. The subsequent conversion

from MILP to QUBO falls outside their scope.

At the QUBO generation level, several tools provide varying degrees of automa-

tion. PyQUBO offers a Python interface that allows users to define constraints and

objective functions symbolically, and the library compiles them into a QUBO ma-

trix automatically [56]. Chapter 3 used PyQUBO to construct the QUBO for the

metaverse data marketplace problem. However, PyQUBO still requires the user to

perform constraint analysis, penalty structure selection, and coefficient calibration

manually. Its automation remains at the syntactic level rather than the semantic

level. AutoQUBO adopted a data-driven approach: it extracts the constant, linear,

and quadratic coefficients of a QUBO by systematically sampling the all-zeros vec-

tor, one-hot vectors, and two-hot vectors [15]. AutoQUBO v2 further separates the

QUBO matrices for the objective function and constraints and automatically esti-

mates a penalty weight based on the objective matrix [13]. However, AutoQUBO

handles continuous variables through direct binarization. For a facility location prob-

lem with N facilities and M customers, if each continuous assignment variable is

encoded with K binary bits, the total variable count becomes N + NMK and the

QUBO matrix dimension becomes (N + NMK)2. This quadratic growth consti-

tutes a severe scalability barrier when M or K is large. Volpe et al. proposed an

automated framework that allows users to describe problems through an interface re-

sembling classical optimization practice, with the system handling QUBO conversion

and solver selection automatically [84]. This framework covers the full pipeline from

problem description to solver dispatch, but does not perform constraint type analysis

or hardware-aware penalty weight calibration. In summary, existing tools provide

automation at individual stages, such as syntactic compilation, coefficient extraction,
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Figure 6.1: Overview of the automated QUBO formulation and hybrid orchestration
framework

or solver dispatch, but the complete pipeline from a structured MILP to a QUBO

with constraint analysis, penalty calibration, and binarization precision control has

not been automated. The QUBO transformation engine proposed in this chapter fills

this gap.

6.3 Framework Design

This section describes in detail the architecture of the LLM-driven framework pro-

posed in this chapter. Section 6.3.1 presents the overall architecture and workflow.

Section 6.3.2 describes the core design of the QUBO transformation engine. Sec-

tion 6.3.3 explains the integration of Benders decomposition.

6.3.1 Overall Architecture and Workflow

The overall architecture of the framework is illustrated in Figure 6.1. It is an end-to-

end pipeline that takes a natural language problem description as input.

The first stage of the pipeline is LLM-driven problem structuring. This stage uses

an LLM to parse the unstructured problem description into a formal mathematical

model. The LLM is guided to identify five component categories: index sets, pa-

rameter constants, decision variables with their types, the objective function with its

optimization direction, and constraints. The LLM then synthesizes these components

into a structured MILP that serves as the standardized input for subsequent trans-

formation stages. The accurate classification of the variable types at this stage is

critical because it directly determines the binarization logic in the QUBO conversion

process. From the structured MILP, the framework supports two operational paths.
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For smaller problems, the framework takes a direct conversion path, feeding MILP

into the LLM-driven QUBO transformation engine in the second stage. For large-

scale problems that exceed the capacity of current quantum hardware, the framework

activates a hybrid decomposition path. In this path, the MILP is first partitioned by

a Benders decomposition module into a combinatorially structured master problem

and a linearly structured subproblem. The master problem is sent to the QUBO

transformation engine, while the subproblem is handled by a classical solver. In

the hybrid workflow, the QUBO solution of the master problem and the solution

of the subproblem are used to generate Benders cuts, which are fed back to the

decomposition module to refine the master problem. This iterative loop continues

until the solution converges within a predefined optimality tolerance.

6.3.2 QUBO Transformation Engine

The second stage is the core of the framework: the LLM-driven QUBO transforma-

tion engine. This engine uses the LLM as a rule-based conversion executor through

structured prompt engineering. The LLM is guided to systematically deconstruct the

input structured MILP and resynthesize it into a Python class suitable for QUBO

generation tools such as AutoQUBO [15]. This class explicitly separates the objective

function from the constraint penalty terms.

The conversion executed by the LLM follows the QUBO transformation principles

established in Section 2.3, with two programmatic enhancements. First, for standard

constraint handling, the LLM automatically identifies the constraint type and applies

the corresponding conversion rule. Equality constraints LHS = RHS are converted

into the penalty term (LHS −RHS)2. Inequality constraints LHS ≤ RHS are con-

verted into (LHS + s− RHS)2 by introducing a slack variable s whose bit-width is

minimized based on the constraint parameters. Second, the LLM is further guided

to recognize special constraint structures that admit more compact QUBO represen-

tations. For example, for the pairwise exclusion constraint xi + xj ≤ 1 over binary

variables, the LLM recognizes that this constraint is violated only when xi = xj = 1

and encodes it directly as the penalty term P · xixj, avoiding the introduction of

unnecessary slack variables.

For the binarization of non-binary variables, the framework adds hardware-aware

precision control on top of the standard binary expansion described in Section 2.3.

Specifically, if the target quantum annealer accepts a QUBO matrix of at most di-



71

mension D and the current problem already contains nb native binary variables, the

encoding bit-width k for each integer variable must satisfy nb + k ≤ D. The struc-

tured prompts instruct the LLM to compute and respect this hardware constraint,

ensuring that the generated QUBO is physically solvable. For example, if a problem

contains 15 binary variables and one integer variable with upper bound U = 511, and

the target hardware limit is 24 × 24, the encoding precision for the integer variable

cannot exceed k = 9 bits.

The final QUBO matrix consists of the cost matrix corresponding to the objective

function and a weighted sum of all constraint penalty matrices:

QUBO = Cost Matrix +
∑
j

Pj · Penalty Matrixj (6.1)

where Pj is the penalty coefficient for the j-th constraint. The framework allows dis-

tinct penalty weights to be assigned to different constraints so as to reflect differences

in their semantic priority. However, the experiments in Section 6.4 will show that

the LLM can still produce incorrect penalty structures for certain problems. For this

reason, automatically generated QUBOs are verified for correctness through classical

solvers before deployment.

6.3.3 Hybrid Benders Decomposition

Although the QUBO transformation engine can process any suitably sized MILP,

encoding a large-scale problem as a single QUBO typically produces a matrix that

is too large and dense for effective solving. This section therefore integrates the

transformation engine into a Benders decomposition framework.

The framework assumes that the source MILP can be expressed in the standard

form of Equation 2.1 in Chapter 2, where y ∈ {0, 1}p denotes the binary decision

variables and x ∈ Rn
+ denotes the continuous variables. Benders decomposition refor-

mulates this problem into two smaller, linked subproblems. The master problem is

an integer program involving only the binary variables y. It approximates the effect

of the continuous variables through a set of Benders cuts that are added iteratively.

The subproblem is a linear program that solves for the continuous variables x with

the values of y fixed.

The integration point for the core contribution of this chapter lies in the master

problem. Once isolated, the master problem is a pure binary optimization problem
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and becomes the direct input for the QUBO transformation engine described in Sec-

tion 6.3.2. The LLM converts the master problem into a compact, hardware-aware

QUBO.

The hybrid workflow operates iteratively. In each iteration, the master-problem

QUBO is solved to propose a new set of binary decisions. The subproblem is then

solved with these decisions fixed. The subproblem solution is used to generate a new

Benders cut, which is added to the master problem for the next iteration, progressively

tightening the feasible solution space. In the experiments of this chapter, the master-

problem QUBO is solved using a classical solver. This design verifies the correctness

of the decomposition and conversion, establishes a performance baseline, and confirms

the structural compatibility of the master-problem QUBO with quantum annealers,

providing the foundation for subsequent deployment on physical quantum hardware.

6.4 Experimental Evaluation

This section reports two groups of experiments. The first evaluates the conversion cor-

rectness of the LLM-driven QUBO transformation engine on nine classes of classical

combinatorial optimization problems. The second evaluates the solving performance

and scalability of the hybrid Benders decomposition framework on capacitated facility

location problem (CFLP) instances of varying size. Both groups of experiments start

from an accurate structured MILP model. This premise is grounded in the fact that

existing research has shown that LLMs can convert natural language descriptions into

structured MILP models [28]. The QUBO transformation tasks were performed using

the Qwen3-8B model deployed on a single NVIDIA A40 GPU. The hybrid Benders

decomposition experiments were conducted on an Apple M4 Pro CPU using Gurobi

12.0.3, with test instances drawn from the OR-Library benchmark suite [86–88].

6.4.1 QUBO Conversion Correctness

The primary objective of the automated conversion framework is to produce QUBO

models that are not only syntactically valid but also semantically equivalent to the

source MILP. Conversion quality is assessed according to three criteria: (1) whether

the output conforms to the standardized format required by tools such as AutoQUBO,

with the cost function and constraint penalty terms explicitly separated; (2) whether

the binarization strategies for non-binary decision variables and the introduction of
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Problem Struct.
Decision
Variable

Constraint Type
Encoding
Strategy

Penalty
Correct-
ness

Traveling
Salesman
Problem

✓
Binary x,
Continuous u

Equality (Degree) &
Inequality (Subtour
Elimination)

Dynamic bits
for u.

Has high
order item.

Weighted
Max-
Satisfiability

✓ Binary x, z
Inequality (Logical
Clause Association)

Dynamic bits
for slack s.

✓

Vehicle
Routing
Problem

✓ Binary x
Equality (Flow/Visit) &
Inequality (Capacity)

Dynamic bits
for slack s.

✓

Portfolio
Optimiza-
tion

✓ Continuous w
Equality (Budget) &
Inequality (Minimum
Investment

Not
performed.

Incorrect
penalty
function.

Maximum
Clique

✓ Binary x
Inequality (Pairwise Node
Exclusion)

N/A ✓

Maximum
Indepen-
dent Set

✓ Binary x
Inequality (Pairwise Node
Exclusion)

N/A ✓

Logistics
Network
Design

✓
Binary y,
Continuous x

Equality (Demand) &
Inequality (Performance
Metrics)

Dynamic bits
for flow x.

✓

Knapsack
Problem

✓ Binary x
Inequality (Single
Capacity) s.

Dynamic bits
for slack s.

✓

Capacitated
Facility
Location

✓ Binary x, y
Multiple Types
(Coverage, Metrics,
Capacity)

Dynamic bits
for slack s.

✓

Table 6.1: Analysis of automated MILP-to-QUBO conversion correctness for nine
classical optimization problems.

slack variables for inequality constraints are correct; and (3) whether the penalty

function formulation for each constraint is mathematically correct [2].

Table 6.1 summarizes the conversion results for nine classes of classical optimiza-

tion problems. Seven of the nine problems pass all three criteria. The two failures

reveal current limitations of the LLM transformation engine.

The portfolio optimization problem contains only continuous decision variables.

The LLM did not perform binarization, resulting in an incorrect penalty function.

This result indicates that the reliability of the transformation engine decreases sig-

nificantly when the problem contains no native binary variables.

The traveling salesman problem conversion successfully binarized the continuous

auxiliary variables ui from the Miller-Tucker-Zemlin subtour elimination constraints.

However, for the inequality constraint ui− uj +n · xij ≤ n− 1, the penalty term gen-
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erated by the LLM expands into a polynomial of degree higher than two after substi-

tuting the binarized representations, violating the quadratic requirement of QUBO.

The correct approach is to introduce a binarized slack variable sij to convert the

inequality into the equality ui − uj + n · xij + sij = n − 1, then apply the standard

quadratic penalty (ui − uj + n · xij + sij − (n− 1))2.

6.4.2 Scalability of Hybrid Benders Decomposition

This subsection evaluates the solving performance and scalability of the hybrid Ben-

ders decomposition framework on CFLP instances. The experiments compare the

proposed method against two baselines. Method 1 is direct MILP solving: Gurobi

solves the complete CFLP MILP model and serves as the baseline for solution qual-

ity and classical performance. Method 2 is monolithic QUBO solving: the com-

plete CFLP is converted into a single QUBO matrix using the framework and solved

by Gurobi’s quadratic programming capability, representing the performance of a

non-decomposed QUBO approach. Method 3 is hybrid Benders decomposition (the

proposed method): the CFLP is partitioned into a QUBO master problem and a

linear programming subproblem according to the framework logic, with both solved

by Gurobi to provide a fair comparison against Method 1.

Figure 6.2: Convergence Failure of the Monolithic QUBO Approach on a 20 × 20
CFLP Instance.

Before evaluating the hybrid method, the scalability bottleneck of the monolithic

QUBO approach is demonstrated. Method 2 is applied to a moderately sized CFLP
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instance with 20 facilities and 20 customers [89]. Figure 6.2 shows the convergence

trajectory of the optimality gap during solving. Despite rapid initial improvement,

the solver stagnates quickly and does not reduce the gap below 393% within the 240-

second time limit. This result quantifies the scalability barrier discussed in Section 6.1:

the matrix size and density of the monolithic QUBO create an extremely difficult

search landscape.

Figure 6.3: Scalability Comparison of the Hybrid Benders Decomposition against a
Direct MILP Solver.

Figure 6.3 presents the performance comparison between hybrid Benders decom-

position (Method 3) and direct Gurobi solving (Method 1) on CFLP instances scaling

from 16 × 50 to 100 × 1000. For smaller instances (16 × 50 and 25 × 50), the fixed

overhead of the Benders iterative loop makes it slower than the highly optimized

direct Gurobi solver. However, the advantage of the decomposition approach be-

comes evident at the largest scale of 100 facilities and 1000 customers. The direct

Gurobi solver required 213.0 seconds, while the hybrid framework obtained a solution

with an optimality gap of only 0.2% in 132.7 seconds, reducing runtime by approxi-

mately 38%. These results were obtained with the master-problem QUBO solved by

a classical solver. The QUBO structure of the master problem is designed to be com-

patible with quantum annealers, but whether a QPU backend can further improve

performance at this problem scale depends on the embedding efficiency and sampling

quality of the hardware. This will be investigated in future work.

Figures 6.4 and 6.5 provide a detailed view of the internal mechanics of the Benders

decomposition process. Figure 6.4 shows the characteristic convergence pattern: the
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Figure 6.4: Overview of the convergence behavior in the CFLP Benders decomposition
approach.

lower bound derived from the master problem increases monotonically while the upper

bound from the subproblem decreases, closing the optimality gap robustly within

30 iterations. Figure 6.5 decomposes the objective value into three components,

the master problem objective, the subproblem cost, and the total cost, illustrating

the interaction dynamics between the combinatorial master problem and the linear

subproblem as they guide the search toward convergence.

6.5 Summary

This chapter proposed an LLM-driven end-to-end framework that automates the con-

version pipeline from a structured MILP to a hardware-aware QUBO and achieves

scalable solving for large-scale problems through Benders decomposition. Experi-

ments on nine classes of classical combinatorial optimization problems showed that

the transformation engine correctly handles problems with diverse constraint types,

but limitations remain for problems with purely continuous variables and constraint

structures that produce higher-order terms. Scalability experiments on the capaci-

tated facility location problem demonstrated that monolithic QUBO loses viability

at moderate problem sizes, while hybrid Benders decomposition achieved a 38% run-

time reduction relative to direct Gurobi solving on the largest test instance. This

chapter addresses Research Gaps G1 and G4 simultaneously: the transformation en-

gine eliminates manual dependence in QUBO modeling, and Benders decomposition

separates the binary combinatorial core from the continuous subproblem so that prob-
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Figure 6.5: Evolution of Objective Function Components During Benders Decompo-
sition.

lems exceeding the capacity of a single quantum device can be solved within a hybrid

framework.
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Chapter 7

Conclusions

This thesis has developed and validated a four-stage methodological progression for

combinatorial decision optimization in networked systems, moving from classical mod-

eling to QUBO reformulation, hybrid solution orchestration, and computational back-

end execution. In connection with the research questions introduced in Chapter 1 and

the theoretical foundations established in Chapter 2, the central conclusion of this the-

sis is that, for the representative networked system domains investigated here, QUBO

should not be understood as an isolated endpoint detached from problem semantics

and execution conditions. Instead, it is more appropriately viewed as an intermediate

abstraction layer that connects classical mathematical programming models with het-

erogeneous computational backends. From this standpoint, the thesis further shows

that, under current limitations in quantum hardware scale, connectivity, and em-

bedding overhead, the more realistic pathway is not to replace classical optimization

entirely with quantum computation, but to construct a hybrid quantum-classical

architecture with a clear division of labor, in which quantum or quantum-inspired

modules are embedded into the broader solution process to strengthen the treatment

of difficult discrete subproblems. Following this overall logic, the thesis addresses the

research gaps identified in Chapter 1 from four perspectives: modelability, dynamic

adaptability, decision expressiveness, and scalable orchestration. More specifically,

QUBO modeling and validation in representative domains address the formulation

dependence problem, the two-stage hybrid mechanism addresses the limitation of

static optimization under dynamic conditions, the joint design of discrete and con-

tinuous decisions extends the practical scope of binary decision modeling, and auto-

mated QUBO generation together with decomposition-based hybrid solving advances

the system-level feasibility of handling larger problem instances [3]. Overall, the con-
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tribution of this thesis is not to establish QUBO as the universal final form for all

network optimization problems, but to show that, within the networked system set-

tings studied here, it can serve as a methodological bridge with cross-scenario reuse

potential, more tightly linking problem formulation, hybrid solution architecture, and

computational backend execution.

7.1 Limitations and Future Research Directions

To place the conclusions of Section 7.1 in proper perspective, they should be inter-

preted together with the scope and modeling assumptions under which the thesis op-

erates. Although the thesis has validated an overall pathway from classical modeling

to QUBO reformulation, hybrid solution procedures, and computational backend ex-

ecution in representative networked systems, the proposed methodology still relies on

several comparatively strong assumptions, including that the problem structure can

be specified in advance, that key parameters can be stably encoded, and that the so-

lution workflow can be organized within a unified optimization pipeline. Accordingly,

this section does not restate the completed contributions of the thesis. Instead, it dis-

cusses four unresolved directions of broader methodological significance: moving be-

yond the assumption of pre-specified and stable problem formulations (Section 7.1.1),

incorporating decision-aware learning into QUBO parameterization (Section 7.1.2),

developing online and adaptive hybrid orchestration (Section 7.1.3), and establishing

evaluation protocols that better reflect deployment-level realities (Section 7.1.4).

7.1.1 Beyond the centralized full-information assumption

A fundamental limitation of this thesis is not that all of its chapters remain within

a purely static one-shot optimization paradigm, but rather that most of them still

assume that the core problem representation can be specified in advance and remains

relatively stable throughout the decision process. It should be acknowledged that

the thesis has already taken partial but limited steps beyond this point. Chapter 4

adopts a two-stage mechanism that combines offline candidate topology generation

with lightweight online selection, thereby avoiding global re-optimization at every

time step [3]. Chapter 5 further separates global orchestration from node-level online

scheduling, where the node-level scheduler acts only on locally observable states at

discrete decision epochs and adaptively mixes a quantum-guided allocation with a
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robust baseline through an exponential-weights update rule [23]. For this reason,

the thesis should not be described simply as a fully centralized, fully informed, and

purely one-shot optimization framework. A more precise characterization is that

the present methodology still assumes that task dependencies, constraint graphs,

admissible action spaces, and key cost parameters can be formulated as a unified

optimization model before decision making begins, and that this representation does

not change fundamentally during execution. Among these assumptions, uncertainty

in cost parameters is comparatively more amenable to data-driven treatment, whereas

changes in constraint structure or admissible actions alter the feasible region itself

and therefore pose a deeper methodological challenge. In this sense, the thesis has

already moved part of the way beyond static one-shot solving, but it has not yet

entered the more difficult and realistic setting in which the decision maker must not

only optimize under partial observations and time variation, but also continuously

form, revise, or learn the problem representation itself. The following subsections

discuss how this limitation may be progressively relaxed through learning-augmented

orchestration, modeling-aware automation, and deployment-level evaluation.

7.1.2 Incorporating decision-aware learning into QUBO pa-

rameterization

Beyond the assumption of pre-specified and stable problem formulations, a more con-

crete future direction is to incorporate decision-aware learning into the parameteriza-

tion process of QUBOmodels. More specifically, Elmachtoub and Grigas proposed the

Smart Predict-then-Optimize framework together with the convex surrogate SPO+

loss, which directly trains prediction models against downstream decision error rather

than parameter prediction error [90]. This direction does not require the SPO frame-

work to be extended immediately to the final quadratic QUBO objective. Instead,

because SPO+ already applies to polyhedral, convex, and mixed-integer optimization

problems with linear objectives, the more natural entry point for this thesis lies in

the upstream classical modeling layer before QUBO reformulation.

In the present setting, this means introducing such decision-aware training objec-

tives into the MILP or two-stage stochastic integer programming models that serve

as source formulations for QUBO conversion. The contextual information could then

be used to learn cost coefficients, scenario-dependent parameters or quantities related

to penalty construction, and these learned outputs could be propagated through the
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existing MILP-to-QUBO transformation pipeline [91]. The significance of such a

direction is that the learning component would no longer aim only at improving

parameter fit but would instead be trained to support downstream combinatorial de-

cision quality. A concrete example arises in the metaverse data marketplace problem

of Chapter 3, where the cost structure in the stochastic integer programming model

depends on demand scenario probabilities [1]. If those probabilities drift over time,

the originally fixed QUBO coefficients may become progressively stale, which illus-

trates why static parameterization is unlikely to remain effective in dynamic data

environments [1]. At the same time, the mapping from learned MILP parameters

to the final QUBO representation is not transparent or linear. Binarization, penalty

embedding, and slack-variable introduction jointly affect how upstream parameter

perturbations propagate to final decision quality. As a result, end-to-end decision-

aware training would require the reformulation chain itself to be differentiable, or at

least compatible with the learning objective. If one goes further and seeks to define a

decision-aware loss directly over the quadratic objective x⊤Qx, the theoretical chal-

lenge becomes substantially harder, because the current SPO+ surrogate relies on

the linear structure of the objective in both the cost vector and the decision variable,

and this property no longer holds in the QUBO setting. Recent work has begun to

explore learning QUBO matrices directly from data, providing initial evidence that

data-driven QUBO construction is feasible [92]. Overall, the more actionable near-

term path is therefore to first establish a decision-aware learning interface between

the upstream classical optimization layer and the QUBO reformulation layer, and to

treat this as a first step toward data-driven QUBO parameterization.

7.1.3 Toward online and adaptive hybrid orchestration

Different from the previous subsection, which focuses mainly on parameter learning

and updates to the problem representation, another future direction that follows more

directly from the present thesis is to move hybrid quantum-classical architectures from

predesigned static workflows toward online and adaptive orchestration. Although

Chapters 4 and 5 already go part of the way beyond static one-shot solving through

offline candidate generation with online selection and through the separation of global

orchestration from node-level scheduling, their core orchestration logic is still largely

fixed in advance by the designer [3]. This limitation involves two distinct levels of

orchestration decisions.
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The first level is intra-pipeline orchestration: within a single QUBO solving

episode, deciding when to apply local repair, when to resample, and when to switch

from quantum to classical postprocessing. Chapter 2 has already noted that even

within the open-source dwave-hybrid framework, hybrid workflow performance is

highly sensitive to annealing time, number of reads, embedding scheme, and workflow

variants, and that designing a hybrid workflow that adapts across different problems

and execution stages remains an unsolved engineering problem. The second level is

inter-episode orchestration: across sequential decision epochs, deciding whether to

continue with an existing QUBO instance, update the candidate solution set, switch

solvers, or trigger problem reformulation. The exponential-weights (Hedge) mecha-

nism in Chapter 5 provides an initial foundation for adaptive orchestration at this

level [23]. That mechanism maintains an online trust weight between two competing

experts, a quantum-guided allocator and a robust baseline allocator, and uses per-

epoch surrogate loss as a learning signal to achieve adaptive mixing with an O(
√
T )

cumulative regret guarantee [23]. A natural methodological extension is to scale this

approach from two experts to multiple candidate solver modules, including quan-

tum annealers, simulated annealing, classical exact solvers, local repair procedures,

and QUBO regeneration, and from a fixed QUBO instance to an updatable problem

representation [23].

Recent work on neural solver selection has suggests that different combinatorial

optimization solvers exhibit complementary strengths across problem instances, and

that a learned selection model can allocate each instance to the most suitable solver

at the instance level [93]. Following this perspective, a natural extension of the

present framework is to introduce online learning into the orchestration layer itself,

so that the system can adaptively select among available orchestration actions based

on past solving performance, current environmental disturbances, and available time

budget. In this design, candidate learning signals include end-to-end decision quality,

wall-clock time to feasibility, or energy landscape convergence rate. In this way, the

learning objective of the hybrid architecture would evolve beyond the paradigm of

first learning parameters and then solving, toward a tighter closed loop in which

the system also learns how to orchestrate the interaction among quantum modules,

classical solvers, and lightweight online control [91].
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7.1.4 Toward deployment-level evaluation

Beyond algorithm design itself, another limitation of the present thesis is that its

evaluation remains focused mainly on solution quality and per-run computational ef-

ficiency, without yet establishing a deployment-oriented end-to-end assessment frame-

work. For QUBO-based and hybrid quantum-classical workflows, reporting only ob-

jective values, approximate optimality, or solver-internal runtime is insufficient to

characterize the real decision cost of the system in practice. As noted in Chapter 2,

QPU access time is an appropriate metric for solver benchmarking but is not suffi-

cient for deployment-level latency evaluation. Future evaluation should therefore shift

its target from an isolated solver to the end-to-end decision pipeline, systematically

accounting for formulation time, reformulation overhead, embedding and sampling

cost, feasibility recovery effort, solver-switching overhead, and control-plane response

latency. Only at this level can different QUBO workflows, hybrid strategies, and

computational backends be compared more objectively in terms of their actual suit-

ability for dynamic networked systems. Future research should therefore pursue not

only stronger solution methods, but also a deployment-level evaluation protocol that

avoids mistaking local solver advantages for system-level gains.

7.2 Final Remarks

The contributions summarized in the conclusions presented at the beginning of this

chapter and the limitations discussed in Section 7.1 together define the position of this

thesis within the field. The methodological chain established in this thesis demon-

strates that QUBO-driven hybrid quantum-classical optimization is no longer limited

to single-problem proof of concept, but can play a systematic role across multiple

stages from modeling to execution. At the same time, the limitations identified in

this thesis are equally important: fixed problem representations, static orchestration

logic, and solver-level evaluation are not yet sufficient to support reliable deploy-

ment in continuously evolving networked environments. Taken together, the final

significance of this thesis lies not in providing a closed endpoint, but in offering a

validated methodological pathway on which subsequent research can build by intro-

ducing data-driven parameterization, adaptive orchestration, and deployment-level

assessment, thereby advancing the role of QUBO from a static modeling tool toward

a component of closed-loop and evolvable decision infrastructure.
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Appendix A

List of Abbreviations

C
CFLP: Capacitated facility location problem

CIM: Coherent Ising machine

CPU: Central processing unit

CU: Centralized unit

D
DU: Distributed unit

G
GPU: Graphics processing unit

I
ILP: Integer linear programming
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L
LLM: Large language model

M
MILP: Mixed integer linear programming

MSP: Metaverse service provider

N
NP: Nondeterministic polynomial time

NUM: Network utility maximization

O
O-RAN: Open radio access network

Q
Q-GARS: Quantum Guided Adaptive Robust Scheduling

QA: Quantum annealing

QoS: Quality of service

QPU: Quantum processing unit

QUBO: Quadratic unconstrained binary optimization

R
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RIC: RAN intelligent controller

RU: Radio unit

S
SA: Simulated annealing

SDN: Software defined networking

SINR: Signal to interference plus noise ratio

SIP: Stochastic integer programming

SMO: Service management and orchestration

SQA: Simulated quantum annealing

SRPT: Shortest remaining processing time

T
TGA: Target geographical area

U
UAV: Unmanned aerial vehicle

V
VNF: Virtual network function
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G. Cortiana, V. Dunjko, D. J. Egger, B. G. Elmegreen, N. Franco, F. Fratini,

B. Fuller, J. Gacon, C. Gonciulea, S. Gribling, S. Gupta, S. Hadfield,

R. Heese, G. Kircher, T. Kleinert, T. Koch, G. Korpas, S. Lenk, J. Marecek,

V. Markov, G. Mazzola, S. Mensa, N. Mohseni, G. Nannicini, C. O’Meara,

E. P. Tapia, S. Pokutta, M. Proissl, P. Rebentrost, E. Sahin, B. C. B. Symons,

S. Tornow, V. Valls, S. Woerner, M. L. Wolf-Bauwens, J. Yard, S. Yarkoni,

D. Zechiel, S. Zhuk, and C. Zoufal, “Challenges and opportunities in quantum

optimization,” Nature Reviews Physics, vol. 6, no. 12, pp. 718–735, Dec. 2024.

[Online]. Available: https://www.nature.com/articles/s42254-024-00770-9

[17] D-Wave Quantum Inc., “Reformulating a Problem.” [Online].

Available: https://docs.dwavequantum.com/en/latest/quantum research/

reformulating.html#qpu-reformulating

[18] Z. Zhao, L. Fan, and Z. Han, “Hybrid Quantum Benders’ Decomposition

For Mixed-integer Linear Programming,” 2022 IEEE Wireless Communications

and Networking Conference (WCNC), pp. 2536–2540, Apr. 2022, conference

Name: 2022 IEEE Wireless Communications and Networking Conference

(WCNC) ISBN: 9781665442664 Place: Austin, TX, USA. [Online]. Available:

https://ieeexplore.ieee.org/document/9771632/

[19] Z. Peng, D. D. Roux, Carnegie Mellon University, D. E. B. Neira,

and Purdue University, “Hybrid Quantum Branch-and-Bound Method for

Quadratic Unconstrained Binary Optimization,” 2025. [Online]. Available:

http://wscg.zcu.cz/QC-2025/papers-CSRN/A67.pdf

https://doi.org/10.1007/s10479-022-04695-3
https://doi.org/10.1145/3520304.3533965
https://www.nature.com/articles/s42254-024-00770-9
https://docs.dwavequantum.com/en/latest/quantum_research/reformulating.html#qpu-reformulating
https://docs.dwavequantum.com/en/latest/quantum_research/reformulating.html#qpu-reformulating
https://ieeexplore.ieee.org/document/9771632/
http://wscg.zcu.cz/QC-2025/papers-CSRN/A67.pdf


90

[20] J. Zhang, G. Lo Bianco, and J. C. Beck, “Solving Job-Shop Scheduling Problems

with QUBO-Based Specialized Hardware,” Proceedings of the International

Conference on Automated Planning and Scheduling, vol. 32, pp. 404–412, Jun.

2022. [Online]. Available: https://ojs.aaai.org/index.php/ICAPS/article/view/

19826

[21] R. A. Quintero and L. F. Zuluaga, “QUBO Formulations of Combinatorial

Optimization Problems for Quantum Computing Devices,” in Encyclopedia

of Optimization. Springer, Cham, 2023, pp. 1–13. [Online]. Available:

https://link.springer.com/rwe/10.1007/978-3-030-54621-2 853-1

[22] K. Suda, S. Naito, and Y. Hasegawa, “Sparse QUBO Formulation for Efficient

Embedding via Network-Based Decomposition of Equality and Inequality

Constraints,” Jan. 2026, arXiv:2601.18108 [quant-ph]. [Online]. Available:

http://arxiv.org/abs/2601.18108

[23] H. Zhang and M. Emu, “Q-GARS: Quantum-inspired Robust Microservice

Chaining Scheduling,” Mar. 2026, arXiv:2603.23127 [cs]. [Online]. Available:

http://arxiv.org/abs/2603.23127

[24] QBoson Inc., “Kaiwu SDK for development and research on coherent ising

machine.” [Online]. Available: https://www.qboson.com/

[25] Gurobi Optimization, LLC, “Gurobi Optimizer Reference Manual.” [Online].

Available: https://www.gurobi.com

[26] S. Kirkpatrick, C. D. Gelatt, and M. P. Vecchi, “Optimization by Simulated

Annealing,” Science, vol. 220, no. 4598, pp. 671–680, May 1983. [Online].

Available: https://www.science.org/doi/10.1126/science.220.4598.671

[27] F. P. Kelly, A. K. Maulloo, and D. K. H. Tan, “Rate control for communication

networks: shadow prices, proportional fairness and stability,” Journal of the

Operational Research Society, vol. 49, no. 3, pp. 237–252, Mar. 1998. [Online].

Available: https://doi.org/10.1057/palgrave.jors.2600523

[28] C. Jiang, X. Shu, H. Qian, X. Lu, J. Zhou, A. Zhou, and Y. Yu,

“LLMOPT: Learning to Define and Solve General Optimization Problems from

Scratch,” in Proceedings of the Thirteenth International Conference on Learning

https://ojs.aaai.org/index.php/ICAPS/article/view/19826
https://ojs.aaai.org/index.php/ICAPS/article/view/19826
https://link.springer.com/rwe/10.1007/978-3-030-54621-2_853-1
http://arxiv.org/abs/2601.18108
http://arxiv.org/abs/2603.23127
https://www.qboson.com/
https://www.gurobi.com
https://www.science.org/doi/10.1126/science.220.4598.671
https://doi.org/10.1057/palgrave.jors.2600523


91

Representations, vol. abs/2410.13213. OpenReview.net, 2025, arXiv:2410.13213

[cs]. [Online]. Available: https://openreview.net/forum?id=9OMvtboTJg

[29] M. Min and A. Chinchuluun, “Optimization in Wireless Networks,” in Handbook

of Optimization in Telecommunications, M. G. C. Resende and P. M. Pardalos,

Eds. Boston, MA: Springer US, 2006, pp. 891–915. [Online]. Available:

https://doi.org/10.1007/978-0-387-30165-5 31

[30] M. Emu, S. Choudhury, and K. Salomaa, “Resource Optimization of SFC

Embedding for IoT Networks Using Quantum Computing,” in 2022 IEEE

27th International Workshop on Computer Aided Modeling and Design of

Communication Links and Networks (CAMAD), Nov. 2022, pp. 83–88, iSSN:

2378-4873. [Online]. Available: https://ieeexplore.ieee.org/abstract/document/

9966892

[31] H. Du, J. Liu, D. Niyato, J. Kang, Z. Xiong, J. Zhang, and

D. I. Kim, “Attention-Aware Resource Allocation and QoE Analysis

for Metaverse xURLLC Services,” IEEE Journal on Selected Areas in

Communications, vol. 41, no. 7, pp. 2158–2175, Jul. 2023. [Online]. Available:

https://ieeexplore.ieee.org/document/10144339

[32] N. H. Chu, D. T. Hoang, D. N. Nguyen, K. T. Phan, E. Dutkiewicz,

D. Niyato, and T. Shu, “MetaSlicing: A Novel Resource Allocation

Framework for Metaverse,” IEEE Transactions on Mobile Computing,

vol. 23, no. 5, pp. 4145–4162, May 2024. [Online]. Available: https:

//doi.org/10.1109/TMC.2023.3288085

[33] H. Hu, X. Zhu, F. Zhou, W. Wu, R. Qingyang Hu, and H. Zhu, “Resource

Allocation for Multi-Modal Semantic Communication in UAV Collaborative

Networks,” IEEE Transactions on Communications, vol. 73, no. 9, pp. 7599–

7616, Sep. 2025. [Online]. Available: https://ieeexplore.ieee.org/document/

10930657

[34] P. Jin, X. Fei, Q. Zhang, F. Liu, and B. Li, “Latency-aware VNF

Chain Deployment with Efficient Resource Reuse at Network Edge,” in

IEEE INFOCOM 2020 - IEEE Conference on Computer Communications,

Jul. 2020, pp. 267–276, iSSN: 2641-9874. [Online]. Available: https:

//ieeexplore.ieee.org/document/9155345

https://openreview.net/forum?id=9OMvtboTJg
https://doi.org/10.1007/978-0-387-30165-5_31
https://ieeexplore.ieee.org/abstract/document/9966892
https://ieeexplore.ieee.org/abstract/document/9966892
https://ieeexplore.ieee.org/document/10144339
https://doi.org/10.1109/TMC.2023.3288085
https://doi.org/10.1109/TMC.2023.3288085
https://ieeexplore.ieee.org/document/10930657
https://ieeexplore.ieee.org/document/10930657
https://ieeexplore.ieee.org/document/9155345
https://ieeexplore.ieee.org/document/9155345


92

[35] Y.-F. Liu, T.-H. Chang, M. Hong, Z. Wu, A. Man-Cho So, E. A.

Jorswieck, and W. Yu, “A Survey of Recent Advances in Optimization

Methods for Wireless Communications,” IEEE Journal on Selected Areas in

Communications, vol. 42, no. 11, pp. 2992–3031, Nov. 2024. [Online]. Available:

https://ieeexplore.ieee.org/document/10636212

[36] Y. Mao, X. Shang, and Y. Yang, “Joint Resource Management and Flow

Scheduling for SFC Deployment in Hybrid Edge-and-Cloud Network,” in

IEEE INFOCOM 2022 - IEEE Conference on Computer Communications,

May 2022, pp. 170–179, iSSN: 2641-9874. [Online]. Available: https:

//ieeexplore.ieee.org/document/9796884

[37] J. Wang, M. Dong, B. Liang, G. Boudreau, and H. Abou-Zeid,

“Delay-Tolerant OCO With Long-Term Constraints: Algorithm and Its

Application to Network Resource Allocation,” IEEE/ACM Transactions on

Networking, vol. 31, no. 1, pp. 147–163, Feb. 2023. [Online]. Available:

https://ieeexplore.ieee.org/document/9831158

[38] G. Nemhauser and L. Wolsey, “Linear Programming,” in Integer and Combinato-

rial Optimization. John Wiley & Sons, Ltd, 1988, pp. 27–49, section: I.2 eprint:

https://onlinelibrary.wiley.com/doi/pdf/10.1002/9781118627372.ch2. [Online].

Available: https://onlinelibrary.wiley.com/doi/abs/10.1002/9781118627372.ch2

[39] J. R. Birge and F. Louveaux, Introduction to Stochastic Programming, ser.

Springer Series in Operations Research and Financial Engineering. New York,

NY: Springer, 2011. [Online]. Available: https://link.springer.com/10.1007/

978-1-4614-0237-4

[40] Aharon Ben-Tal, Laurent El Ghaoui, and Arkadi Nemirovski, Robust

Optimization. Princeton University Press, Aug. 2009, section: Robust

Optimization. [Online]. Available: https://doi.org/10.1515/9781400831050.3

[41] P. M. Pardalos and G. P. Rodgers, “Computational aspects of a branch

and bound algorithm for quadratic zero-one programming,” Computing,

vol. 45, no. 2, pp. 131–144, Jun. 1990. [Online]. Available: https:

//doi.org/10.1007/BF02247879

[42] A. Verma and M. Lewis, “Penalty and partitioning techniques to improve

performance of QUBO solvers,” Discrete Optimization, vol. 44, p. 100594, May

https://ieeexplore.ieee.org/document/10636212
https://ieeexplore.ieee.org/document/9796884
https://ieeexplore.ieee.org/document/9796884
https://ieeexplore.ieee.org/document/9831158
https://onlinelibrary.wiley.com/doi/abs/10.1002/9781118627372.ch2
https://link.springer.com/10.1007/978-1-4614-0237-4
https://link.springer.com/10.1007/978-1-4614-0237-4
https://doi.org/10.1515/9781400831050.3
https://doi.org/10.1007/BF02247879
https://doi.org/10.1007/BF02247879


93

2022. [Online]. Available: https://www.sciencedirect.com/science/article/pii/

S1572528620300281

[43] M. Ayodele, “Penalty Weights in QUBO Formulations: Permutation Problems,”
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Y. Wang, “The unconstrained binary quadratic programming problem: a

survey,” Journal of Combinatorial Optimization, vol. 28, no. 1, pp. 58–81, Jul.

2014. [Online]. Available: https://doi.org/10.1007/s10878-014-9734-0

[48] M. Mohseni, M. M. Rams, S. V. Isakov, D. Eppens, S. Pielawa, J. Strumpfer,

S. Boixo, and H. Neven, “Sampling diverse near-optimal solutions via algorithmic

quantum annealing,” Physical Review E, vol. 108, no. 6, p. 065303, Dec. 2023.

[Online]. Available: https://link.aps.org/doi/10.1103/PhysRevE.108.065303

[49] A. Zucca, H. Sadeghi, M. Mohseni, and M. H. Amin, “Diversity metric for

evaluation of quantum annealing,” Oct. 2021, arXiv:2110.10196 [quant-ph].

[Online]. Available: http://arxiv.org/abs/2110.10196

https://www.sciencedirect.com/science/article/pii/S1572528620300281
https://www.sciencedirect.com/science/article/pii/S1572528620300281
https://link.springer.com/10.1007/978-3-031-04148-8_11
https://link.springer.com/10.1007/978-3-030-54621-2_855-1
https://www.nature.com/articles/nphys2900
https://doi.org/10.1007/s11128-019-2236-3
https://doi.org/10.1007/s10878-014-9734-0
https://link.aps.org/doi/10.1103/PhysRevE.108.065303
http://arxiv.org/abs/2110.10196


94
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