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Abstract

Quantum annealing offers a promising paradigm for solving
NP-hard combinatorial optimization problems, but its prac-
tical application is severely hindered by two challenges: the
complex, manual process of translating problem descriptions
into the requisite Quadratic Unconstrained Binary Optimiza-
tion (QUBO) format and the scalability limitations of cur-
rent quantum hardware. To address these obstacles, we pro-
pose a novel end-to-end framework, LLM-QUBO, that au-
tomates this entire formulation-to-solution pipeline. Our sys-
tem leverages a Large Language Model (LLM) to parse nat-
ural language, automatically generating a structured math-
ematical representation. To overcome hardware limitations,
we integrate a hybrid quantum-classical Benders’ decompo-
sition method. This approach partitions the problem, compil-
ing the combinatorial complex master problem into a com-
pact QUBO format, while delegating linearly structured sub-
problems to classical solvers. The correctness of the gener-
ated QUBO and the scalability of the hybrid approach are
validated using classical solvers, establishing a robust perfor-
mance baseline and demonstrating the framework’s readiness
for quantum hardware. Our primary contribution is a syner-
gistic computing paradigm that bridges classical Al and quan-
tum computing, addressing key challenges in the practical ap-
plication of optimization problem. This automated workflow
significantly reduces the barrier to entry, providing a viable
pathway to transform quantum devices into accessible accel-
erators for large-scale, real-world optimization challenges.

Introduction

Combinatorial optimization problems constitute a class of
computational challenges of significant value in modern sci-
ence, finance, logistics, and engineering. For canonical prob-
lems such as the Traveling Salesman Problem or portfolio
optimization, the solution space grows exponentially with
the problem size, rendering traditional computational meth-
ods intractable for large-scale instances. Quantum comput-
ing offers a promising alternative paradigm. Its core premise
is that by encoding a problem’s objective function as the en-
ergy function (Hamiltonian) of a physical system, a quan-
tum annealer can naturally evolve to its lowest energy state,
which corresponds to an optimal or near-optimal solution.
The potential for quantum speedup is a primary driver for
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research, although current adiabatic quantum computing de-
vices could not be proven to be faster than classical comput-
ing resources yet (Miicke, Gerlach, and Piatkowski 2023).
This prospect has catalyzed extensive exploration in various
applications, including financial asset allocation, biomedical
research, and logistics network design (Morapakula et al.
2025; Oliveira, Silva, and Oliveira 2018; Malviya, Akash-
Narayanan, and Seshadri 2023).

However, a stark reality on the path to quantum advantage
is that we are in the era of noisy intermediate-scale quantum
computing (Holliday 2025). Current quantum processors re-
main severely constrained in qubit count, coherence times,
and connectivity (Morapakula et al. 2025). Consequently,
the most viable path to realizing the potential of quantum
computing in the foreseeable future lies not in purely quan-
tum algorithms but in building Hybrid Quantum-Classical
(HQC) systems (Zhao, Fan, and Han 2022). This paradigm
advocates for a strategic division of labor: classical High-
Performance Computing (HPC) systems handle tasks at
which they excel, such as data pre- and post-processing,
control flow, and numerically intensive computations, while
quantum annealer function as specialized hardware acceler-
ators or coprocessors, focused on solving the most compu-
tationally intensive and combinatorial complex parts of the
problem. This synergistic model aims to merge the robust-
ness of classical computation with the exploratory power of
quantum computation, forming a powerful platform whose
capabilities extend beyond those of any single paradigm
alone (Zhao et al. 2025).

The central idea of this paper is that while the HQC archi-
tecture charts a path toward practical quantum computing, a
fundamental obstacle, which we term the Formulation Bot-
tleneck, blocks the realization of its potential. In the quan-
tum annealing paradigm, any problem must be converted to
the Quadratic Unconstrained Binary Optimization (QUBO)
format as a middle layer between classical optimization
problems and quantum hardware, minimizing an objective
function of the form y = =T Qz (Glover et al. 2022). How-
ever, translating real-world problems into this representation
is an exceptionally complex, expert-dependent, and error-
prone task. It involves specialized skills such as constraint to
penalty term translation, manual penalty coefficient tuning,
and selecting appropriate QUBO precision, which not only
raises the barrier to entry but also complicates integration



into existing HPC workflows (Ayodele 2022; Volpe et al.
2024). The essence of this challenge is the lack of a high-
level abstraction layer, analogous to the compilers in clas-
sical computing that automatically translate high-level code
into machine instructions (Zaman, Tanahashi, and Tanaka
2022). To bridge this gap, our framework provides this nec-
essary layer by creating an end-to-end pipeline that au-
tomates the transformation from a high-level problem de-
scription into an optimized QUBO matrix. This automated
pipeline fundamentally transforms the skill set required to
apply quantum computing. Our framework encapsulates the
underlying complexity, shifting the primary challenge for a
user from “How do I construct a valid QUBO?” to “How do I
precisely formulate my optimization problem?” This skill is
the root of classical operations research, not quantum com-
puting. This reduction in the specialized knowledge barrier
is fundamental to fostering a robust ecosystem of quantum
optimization tools and accelerating their adoption across sci-
ence and industry.

This paper presents a comprehensive framework that
achieves this goal through the following key contributions.

* An LLM-driven compiler for end-to-end QUBO for-
mulation. We propose and implement a novel framework
that leverages an LLM to automate the transformation
from a high-level problem description into a quantum-
ready QUBO matrix, significantly lowering the barrier to
entry for quantum optimization.

¢ A validated HQC workflow for scalability. We in-
tegrate Benders’ Decomposition into our automated
pipeline to tackle large-scale problems. This hybrid ap-
proach partitions a problem into a QUBO master problem
suitable for quantum annealers, and subproblems solved
by classical HPC resources, providing a viable pathway
to solve problems that exceed the capacity of standalone
quantum processors.

* A novel integration of AI, HPC and quantum. We
demonstrate for the first time a seamless workflow that
combines a generative Al compiler with a hybrid quan-
tum decomposition solver, establishing a new paradigm
for automated problem solving.

Related Work

We review related work by deconstructing the pipeline for
transforming a combinatorial optimization problem into its
QUBO representation. This pipeline includes several criti-
cal stages: problem formulation from natural language, bina-
rization of variables, conversion of constraints into penalty
terms, and the final generation of the QUBO matrix.

Optimization Problems Formulation From Natural
Language Description

The task of converting a problem described in natural lan-
guage into a formal mathematical model is a significant chal-
lenge that has traditionally required deep domain expertise.
The emergence of LLM has catalyzed a field of research
known as auto formulation, aimed at automating this pro-
cess (Huang et al. 2025). Foundational efforts, such as the
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NL4Opt Competition, spurred the development of learning-
based methods by structuring the task into subproblems like
entity recognition and logical form generation (Ramamon-
jison et al. 2021, 2022). This work highlighted core chal-
lenges, including handling unstructured inputs and the need
for models to generalize across different problem domains.
Subsequent research has benchmarked prominent LLMs on
this task, where large models such as GPT-4 established
new performance levels without requiring the input of en-
tities of prior baselines. The same work also introduced the
LMA4OPT framework, revealing a persistent capability gap
between large models and smaller, fine-tuned ones when
processing lengthy and complex problem contexts (Ahmed
and Choudhury 2024). Other research has explored differ-
ent frameworks and methodologies. For example, Jiang et
al. introduced the LLMOPT framework, which employs a
learning-based method to fine-tune LLMs to automate MILP
formulation, showing a significant increase in the precision
of the solution (Jiang et al. 2025). In a different paradigm,
OptiChat was developed as an LLM-assisted interactive dia-
logue system. Instead of formulating problems from scratch,
it helps practitioners interpret and query existing optimiza-
tion models by augmenting the LLM with targeted code gen-
eration to ensure trustworthy responses (Chen et al. 2025).

QUBO Matrix Generation

The AutoQUBO framework, introduced by Moraglio et al.
and enhanced by Pauckert et al., represents a contribution
to converting combinatorial optimization problems into the
QUBO format. The framework accepts cost and constraint
functions defined in a high-level programming language
such as Python. To derive the QUBO coefficients, it em-
ploys a data-driven interpolation method that samples the
problem description using a special selection of binary input
vectors, specifically, the all-zeros vector, one-hot encoded
vectors, and two-hot encoded vectors. This process system-
atically determines the constant, linear, and quadratic coeffi-
cients of the expression QUBO. Subsequently, AutoQUBO
v2 can construct separate QUBO matrices for the cost and
constraint functions, automatically estimate a valid penalty
weight based on the cost matrix, and finally combine them to
produce the final QUBO matrix for the problem. (Moraglio,
Georgescu, and Sadowski 2022; Pauckert et al. 2023).

However, the framework’s approach to non-binary vari-
ables, particularly continuous ones, has a limitation based
on direct binarization. For a problem with continuous vari-
ables, such as an Uncapacitated Facility Location Problem
(UFLP) with N facilities and M customers, if each con-
tinuous assignment variable is encoded with K binary bits,
the total number of variables in the QUBO model scales to
N + (N x M x K). Consequently, the size of the result-
ing QUBO matrix grows quadratically as (N + (N x M x
K))2. This explosive growth in dimensionality, especially
with a large number of customers M or required precision
K, poses a fundamental scalability bottleneck, limiting the
framework’s applicability for solving complex combinato-
rial problems that involve continuous variables.



Research Gap

While the above works have made significant progress in
automating the initial step from natural language to a struc-
tured model like MILP, a critical bottleneck remains in the
subsequent stage: the translation from a classical optimiza-
tion model into a hardware-compatible QUBO format. This
process is not only complex and error-prone, but also crucial
for leveraging quantum hardware. To bridge this research
gap, our work is driven by two central questions.

* How can we leverage LLMs to reliably automate the
expert-driven, rule-intensive conversion of a structured
MILP into a correct and efficient QUBO representation?

* How can this automated QUBO generation be integrated
into a scalable, hybrid quantum-classical framework to
overcome the limitations of near-term quantum devices
and solve large-scale problems?

Framework Design

This section introduces the architecture of our framework,
which leverages a LLM to automate the complex pipeline
from a natural language problem description to a quantum-
ready solution. The framework is designed to address the
primary bottleneck in applying quantum computing: the
manual, expert-driven conversion of optimization problems
into the QUBO format.

Overall Architecture and Workflow

The architecture of our proposed framework is illustrated in
Figure 1. It is an end-to-end pipeline that begins with a nat-
ural language problem description as its primary input.

The initial step of this pipeline is Stage 1: LLM-driven
Problem Structuring. In this stage, the framework uses an
LLM to translate the unstructured problem description into
a formal mathematical model. The process involves guid-
ing the LLM to parse the input text and identify five cate-
gories: sets, over which indices are defined; parameters, the
constants of the problem; decision variables, including their
types (e.g., binary, continuous); the objective function with
its optimization direction; and the constraints. The LLM
then synthesizes these extracted components into a struc-
tured MILP, which serves as the standardized input for sub-
sequent transformation stages. The accurate classification of
variable types at this stage is critical, as it directly informs
the logic of the QUBO conversion process. From the Struc-
tured MILP, the framework supports two distinct operational
workflows.

For smaller problems, a direct conversion path (Path 3a)
is taken, where the MILP is fed into Stage 2: LLM-driven
QUBO Transformation Engine. For large-scale problems
that would exceed the capacity of current quantum hard-
ware, the framework employs a hybrid decomposition strat-
egy (path 3b). In this workflow, the MILP is first partitioned
by a Benders’ Decomposition module into a combinatorial
Master Problem and a linearly structured Subproblem. The
Master Problem is then sent to the Stage 2 engine for QUBO
conversion (Path 4), while the Subproblem is handled by a
Classical Solver.
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The final QUBO matrix is dispatched to a Quantum An-
nealer to find an optimal solution. In the hybrid workflow,
an iterative refinement process begins. The solutions from
the quantum and classical solvers are used to generate Ben-
ders’ cuts, which are fed back to the Benders’ Decomposi-
tion module to refine the Master Problem (Path 9). This loop
continues until a predefined convergence criterion is satis-
fied, which yields the final optimal solution to the original
large-scale problem.

QUBO Transformation Engine

The second and core stage of our framework is the auto-
mated conversion of the structured MILP into a QUBO for-
mat. We address this challenge by using the LLM as an ex-
pert rule-based conversion engine through a process of struc-
tured prompt engineering.

Our methodology guides the LLM to systematically de-
construct the input MILP and resynthesize it into a struc-
tured Python class suitable for QUBO generation tools like
AutoQUBO. This class explicitly separates the objective
function from the constraint penalty terms. The LLM is in-
structed to adhere to the following key conversion principles.

* Common Constraint Conversion: The LLM handles
standard constraints by converting them into quadratic
penalty terms. Equality constraints of the form LHS =
RHS are directly formulated as a penalty (LHS —
RHS)?. For inequalities such as LHS < RH S, the pro-
cess involves first introducing a binarized slack variable,
s, to form an equivalent equality, LHS + s = RHS.
This is then converted into its corresponding quadratic
penalty, (LHS + s — RHS)?. To conserve resources,
the number of binary bits for the slack variable s is min-
imized based on the constraint parameters, following a
“just enough” precision rule.

* Specialized Structure Recognition: Beyond general
rules, our prompt engineering also equips the LLM to
identify special constraint structures that allow for more
efficient QUBO formulations. A notable example is the
pairwise exclusion constraint x; + x; < 1, where z; and
x; are binary variables. Instead of mechanically applying
the slack variable method, the LLM is guided to recog-
nize that this constraint is violated only when z; = 1
and z; = 1. This violation is captured by the more com-
pact quadratic penalty term P - x;x;, where P is a suf-
ficiently large penalty coefficient. This specialized han-
dling avoids the introduction of unnecessary slack vari-
ables, resulting in a more efficient final QUBO model.

To ensure that the resulting QUBO model is compatible
with the target hardware, non-binary variables must be con-
verted into a binary representation. Our framework manages
this binarization process while being aware of physical hard-
ware limitations.

An integer variable y within a range [0, U] is binarized
using a standard binary expansion. It is replaced by a sum of
k new binary variables, zg, 21, . .., 2k—1:

k=1
Y= Z 2'z
i=0
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Figure 1: Framework Overview

The precision k is the minimum number of bits required to
represent the upper bound U, calculated as k = [log, (U +
1)]. A critical aspect of our framework is its awareness of
the quantum annealer capacity. For example, assume that a
problem has 15 native binary variables and one integer vari-
able and that the target quantum annealer can only accept a
QUBO matrix of up to 24 x 24. This imposes a hard limit on
the total number of variables: 15 + k£ < 24, which implies
that the binarization precision for the integer variable can-
not exceed k£ = 9 bits. Our structured prompts instruct the
LLM to calculate and adhere to such hardware-aware pre-
cision limits for all non-binary variables, ensuring that the
final QUBO model is physically solvable.

The final QUBO matrix is the original cost matrix and a
weighted sum of all penalty matrix derived from the con-
straints. The general form is:

QUBO Matrix = Cost Matrix + Z P; - Penalty Matrix;;
J

where P; is the penalty coefficient for the j-th constraint.
Although existing tools often use a single penalty weight
P, this is not good enough since real-world constraints may
have varying importance. Our LLM-driven approach opens
the path for inferring the semantic priority of each con-
straint from the original problem description to assign dis-
tinct weights (P;). For example, the LLM can assign a
higher penalty to a critical physical capacity constraint than
to a less rigid budget constraint. This intelligent weighting
leads to a better-conditioned QUBO model that guides the
solver more effectively towards a valid and optimal solution.

Application: Solving Large-Scale Problems via
Hybrid Benders’ Decomposition

While our LLM-driven conversion engine can process any
suitable MILP, converting a large-scale problem into a sin-
gle, monolithic QUBO often results in a model that is too
large and complex to be solved effectively. This scalability
challenge, which we demonstrate empirically in Section 4,
motivates the use of a decomposition strategy. To this end,
we apply our conversion methodology within a hybrid Ben-
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ders’ decomposition framework to tackle large-scale opti-
mization problems.

This strategy partitions a source MILP into more manage-
able components. Our framework assumes the MILP can be
expressed in the following general form:

minimize ¢z + fly
subjectto Az + By <b (1)
reRY, ye{0,1}

Here, y represents the vector of p binary decision variables
that capture the combinatorial complexity of the problem,
while z is the vector of n continuous variables. The Benders’
decomposition method reformulates this problem into two
smaller, linked problems:

1. The Master Problem (MP): An integer program involv-
ing only the binary variables y. It approximates the im-
pact of the continuous variables through a set of con-
straints known as Benders’ cuts, which are added iter-
atively.

2. The Subproblem (SP): A linear program that solves for
the continuous variables x, assuming the values of the
binary variables y are fixed.

The critical integration point for our core contribution oc-
curs in the master problem. The isolated MP, now a pure bi-
nary optimization problem, becomes the direct input for our
LLM-driven conversion engine described in Stage 2. The
LLM applies the rules-based methodology to transform the
MP into a compact, hardware-aware QUBO.

The overall hybrid workflow proceeds iteratively. In each
iteration, the MP-QUBO is solved to propose a new set of
binary decisions. The SP is then solved with these deci-
sions fixed. The solution to the SP is used to generate a new
Benders’ cut that is added to the MP for the next iteration,
progressively refining the solution space. As established in
our framework’s introduction, the resulting QUBO is val-
idated in our experiments using classical solvers. This ap-
proach confirms the correctness of the decomposition and
conversion, benchmarking the structure’s performance and
verifying the quantum hardware compatibility of the QUBO



formed master problem for future implementation on a phys-
ical quantum annealer.

Experiment and Result Analysis

Recent work demonstrates that LLM can accurately translate
natural language descriptions of optimization problems into
formal MILP models, with frameworks such as LLMOPT
achieving high accuracy on standard benchmarks. Given this
established capability, our work begins with the assumption
of an accurate pre-existing MILP model. Therefore, our ex-
perimental focus is on the automated, high-quality conver-
sion of these MILPs into QUBO formulations.

LLM Automatic Modeling

The LLM automatic modeling tasks were performed using
a Qwen3-8B model, locally deployed on a single NVIDIA
A40 GPU. The primary objective of our automated conver-
sion framework is to produce QUBO models that are not
only syntactically valid but also semantically equivalent to
the source MILP. We assess the quality of the conversion
based on three criteria: (1) adherence to the standardized in-
put format required by tools like AutoQUBO, which sepa-
rates the cost function from constraint penalty terms; (2) the
correct application of binarization strategies for non-binary
decision variables and the introduction of slack variables for
inequality constraints; and (3) the mathematical correctness
of the penalty function formulation for each constraint.

Our analysis, summarized in Table 1, evaluates the con-
version of nine classical optimization problems. The results
indicate that, while many problems can be converted suc-
cessfully, significant challenges arise from complex con-
straint structures, often leading to incorrect penalty formu-
lations. To illustrate these findings, we analyze one correct
conversion and one incorrect conversion in detail.

Correct Conversion Example: Capacitated Facility Lo-
cation Problem CFLP conversion demonstrates robust
and correct handling of multiple and diverse constraint
types. This problem includes equality, inequality, and indi-
cator logic constraints, all of which were transformed cor-
rectly.

* The customer service equality constraint, Zl T = 1,
was correctly penalized using the standard quadratic
form (3, z;; — 1)2

* The indicator logic constraint, x;; < ¥;, which links the
binary variables for customer assignment (x;;) and facil-
ity opening (y;), was efficiently converted into the com-
pact quadratic penalty term z;;(1 — y;).

e Most importantly, the capacity inequality constraint,
> j djz;; < Cyy;, was correctly transformed into an
equality by introducing a binarized integer slack variable
s;. This led to the mathematically sound penalty function
(32 djwij + 5 — Ciyi)*.

The successful conversion of the multifaceted CFLP high-
lights that a rules-based, systematic approach can produce
correct and high-quality QUBO formulations, provided that
established principles for handling different constraint types
are strictly followed.

Incorrect Conversion Example: Traveling Salesman
Problem (TSP) The TSP conversion successfully bina-
rized the continuous auxiliary variables u; from the Miller-
Tucker-Zemlin (MTZ) sub-tour elimination constraints.
However, it fails on the third criterion regarding penalty cor-
rectness. The MTZ inequality is formulated as u; — uj +mn -
Lij S n — 1.

The implemented penalty term for this constraint was
max (0, u; — uj +n - x;; — (n — 1))2. Although this func-
tion correctly identifies violations, its expansion after sub-
stituting the binarized representation of u; and u; results in
a polynomial of an order greater than two. This violates the
quadratic nature of QUBO and creates a model that is in-
compatible with standard solvers. The correct approach re-
quires the introduction of a binarized slack variable s;; to
form an equality u; —u; +n-x;; + s;; = n— 1. This equal-
ity can then be correctly penalized with a standard quadratic
term (u; — uj +n - x5 + 8i5 — (n —1))%

Scalable Hybrid Computation

To evaluate the performance and scalability of our proposed
HQC framework, we used the Capacitated Facility Loca-
tion Problem (CFLP) as our testbed. This NP-hard prob-
lem is ideal for Benders’ decomposition due to its inherent
structure, ensuring a fair comparison across methodologies.
All experiments were conducted on an Apple M4 Pro CPU
with Gurobi 12.0.3, using problem instances from the OR-
Library benchmark suite for reproducibility.

Benchmarking Methodology We compare the perfor-
mance of our framework against two critical baselines,
representing the state-of-the-art classical approach and the
naive quantum-inspired approach, respectively.

* Method 1: Direct MILP solution (Gurobi). The complete
CFLP is formulated as a standard Mixed-Integer Linear
Program and solved directly using Gurobi. This serves as
our baseline for both solution quality and classical per-
formance.

e Method 2: The entire QUBO matrix solution. The en-
tire CFLP, including binarized representations of all vari-
ables and constraints, is converted into a single large
QUBO matrix using our framework. This large QUBO
matrix is then solved using Gurobi’s quadratic program-
ming capabilities. This method represents the perfor-
mance of a direct, nondecomposed QUBO approach.

* Method 3: Hybrid Benders Decomposition (Our Ap-
proach). The CFLP is partitioned according to our frame-
work’s logic. The master problem, which contains the
binary facilities opening variables, is formulated as a
QUBO. The subproblem, handling customer assignments
and capacity constraints, is formulated as a Linear Pro-
gram (LP). For this experiment, both the master QUBO
and the LP subproblems are solved using Gurobi to pro-
vide a fair, head-to-head comparison of the algorithmic
structure’s efficiency against Method 1.

The Scalability Bottleneck of Monolithic QUBO For-
mulations Before evaluating our hybrid method, we first
demonstrate the fundamental challenge it is designed to



Problem Structure Decision Variable Constraint Type Encoding Penalty
Strategy Correctness
Traveling Binary x, Equality (Degree) & Inequality Dynamic bits for Has high order
Salesman v . Lo .
Continuous u (Subtour Elimination) u. item.
Problem
Weighted . Inequality (Logical Clause Dynamic bits for
Max-Satisfiability 4 Binary x, z Association) slack s. s
Vehicle Routing v Binary x Equahty (Flow/Visit) & Inequality = Dynamic bits for v
Problem (Capacity) slack s.
Port.f01.10 ' v Continuous o qu'la'hty (Budget) & Inequality Not performed. Incor.rect penalty
Optimization (Minimum Investment function.
Maximum Clique v Binary x Inequa?lty (Pairwise Node N/A 4
Exclusion)
Maximum . Inequality (Pairwise Node
Independent Set 7 Binary x Exclusion) W 7
Logistics v Binary v, Equality (Demand) & Inequality Dynamic bits for v
Network Design Continuous x (Performance Metrics) flow x.
Knapsack . . . . Dynamic bits for
Problem v Binary x Inequality (Single Capacity) s. slack s. v
Capacitated v Binary x, v Multiple Types (Coverage, Dynamic bits for v

Facility Location

Metrics, Capacity)

slack s.

Table 1: Analysis of automated MILP-to-QUBO conversion correctness for nine classical optimization problems.

overcome: the poor scalability of monolithic QUBO formu-
lations. We applied the Monolithic QUBO Solver (Method
2) to amoderately sized CFLP instance (20 facilities, 20 cus-
tomers) from the Discrete Location Problems Benchmark li-
brary (Beresnev et al. 2011).
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Figure 2: Convergence Failure of the Monolithic QUBO Ap-
proach on a 20x20 CFLP Instance.

Figure 2 illustrates the solver’s performance in this task.
The plot tracks the convergence of the optimality gap over
time, showing that despite rapid initial improvements, the
solver quickly stagnates. It does not reduce the gap below
393% before reaching the 240-second time limit. This re-
sult underscores the intractability of solving non-trivial op-
timization problems via a direct, monolithic QUBO conver-
sion; the enormous size and complex structure of the result-
ing matrix create a prohibitively difficult search landscape,
thereby motivating the need for intelligent decomposition.
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Performance and Scalability of Hybrid Benders De-
composition We validate our framework on a suite of
benchmark instances for the CFLP drawn from the well-
established OR-Library, originally introduced by Ahuja et
al. and Chen and Ting, and utilize the specific problem sets
and their corresponding optimal solution values as bench-
marked in Guastaroba and Speranza (Ahuja et al. 2004;
Chen and Ting 2008; Guastaroba and Speranza 2014). In this
section, we compare the performance of our Hybrid Ben-
ders Decomposition (Method 3) against the state-of-the-art
Direct MILP Solver (Method 1) across these instances, with
sizes scaling from 16 facilities and 50 customers up to 100
facilities and 1000 customers.

212.999132.742
== Gurobi MILP LR

B Benders Decomposition

[ =
o =)
= ©

Be-nders Total Time (seconds)

Gurobi Solver Time (seconds)

- 10¢

16x50
Problem Size (Facilities x Customers)

25%50 50x50 100x1000

Figure 3: Scalability Comparison of the Hybrid Benders De-
composition against a Direct MILP Solver.

Figure 3 presents the core results of our scalability analy-
sis, comparing the performance of our Hybrid Benders De-
composition (Method 3, total time, gray) versus the Gurobi
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Figure 5: Evolution of Objective Function Components Dur-
ing Benders Decomposition.

Direct MILP Solver (Method 1, solver time, red) on CFLP
instances of increasing scale. Both y-axes are on a logarith-
mic scale, and error bars represent one standard deviation
over multiple runs. For smaller instances (e.g., 16 x 50 and
25 x 50), the overhead of the Benders iterative loop makes it
slower than the highly optimized direct Gurobi solver. How-
ever, the advantage of our decomposition approach becomes
strikingly evident at the largest scale (100 facilities and 1000
customers). While the direct Gurobi solver required 213.0
seconds to find and prove the optimal solution, our hybrid
framework obtained a high-quality solution with a negli-
gible optimality gap of only 0.2% in just 132.7 seconds,
achieving a 38% reduction in runtime compared to the di-
rect Gurobi solver. It is crucial to note that these compelling
results were obtained by solving the QUBO master problem
classically. As the master problem is designed for a quan-
tum annealer, we anticipate further performance gains when
integrating a QPU backend, positioning our framework as
a potent quantum accelerator for the combinatorial core of
large-scale problems.

417

Figures 4 and 5 provide a detailed view into the inter-
nal mechanics of the Benders’ decomposition process for
a representative instance. Figure 4 demonstrates the charac-
teristic convergence pattern, where the lower bound (derived
from the master problem’s relaxed solutions) monotonically
increases while the upper bound (from feasible solutions
found by the subproblem) decreases, robustly closing the
optimality gap in under 30 iterations. Figure 5 dissects the
objective value to illustrate the dynamics of the algorithm.
The plot shows the Master Problem objective (which forms
a monotonically increasing lower bound), the Subproblem
cost (representing the optimal transportation cost for a given
set of open facilities), and the Total Cost (the upper bound
derived from the combined feasible solution in each itera-
tion). This visualization highlights the interplay between the
combinatorial master problem and the linear subproblem as
they guide the search toward convergence.

Conclusion and Future Work

In this paper, we present a novel framework that lever-
ages an LLM to automate the end-to-end pipeline from a
standard MILP model to a QUBO formulation. Our ex-
periments demonstrate that the proposed LLM-driven con-
version process is both stable and capable of producing
high-quality QUBO models that are semantically equivalent
to their source problems. Furthermore, by integrating this
core methodology into a Benders’ decomposition scheme,
we have demonstrated a powerful and scalable approach
for solving large-scale optimization problems. This success-
ful integration represents a significant step towards a new
paradigm of hybrid quantum-Al computation.

For future work, we plan to evolve our methodology
from its current rule-based implementation to a more ro-
bust learning-based approach. The current system, which
relies on structured prompt engineering, offers the signifi-
cant advantage of rapid iteration and validation of conver-
sion strategies. Having established an effective set of prin-



ciples through this method, our next step will be to use
these curated data to fine-tune an LLM. By shifting from a
context-based approach (providing rules in the prompt) to a
learning-based one (embedding knowledge into the model’s
weights), we anticipate further enhancing the framework’s
robustness, improving its generalization capabilities across
a wider range of problem classes, and potentially discover-
ing even more efficient QUBO formulation strategies.
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