2025 40th IEEE/ACM International Conference on Automated Software Engineering (ASE)

M2QCode: A Model-Driven Framework for
Generating Multi-Platform Quantum Programs

Xiaoyu Guo
Kyushu University
guo.xiaoyu.961 @s.kyushu-u.ac.jp

Abstract—With the growing interest in quantum computing,
the emergence of quantum supremacy has marked a pivotal
milestone in the field. As a result, numerous quantum program-
ming languages (QPLs) have been introduced to support the
development of quantum algorithms. However, the application
of Model-Driven Development (MDD) in quantum system en-
gineering remains largely underexplored. This paper presents
an MDD-based approach to support the structured design and
implementation of quantum systems. Our framework enables
the automatic generation of quantum code for multiple QPLs,
thereby enhancing development efficiency and consistency across
heterogeneous quantum platforms. The effectiveness and practi-
cality of our approach have been demonstrated through multiple
case studies.

Index Terms—Model-Driven Development, Automatic Code
Generation, Quantum Software

[. INTRODUCTION

Quantum computing promises exponential computational
power to solve complex problems, promoting the development
of various quantum devices and simulators [1], [2], [3], [4].
However, implementing quantum programs across different
quantum devices remains a challenge. As quantum hardware
and quantum programming languages (QPLs) continue to
diversify, adapting programs to specific QPLs has become
increasingly labor-intensive. This growing heterogeneity re-
quires approaches that streamline development and reduce
manual errors. In particular, a unified code generation strategy
is needed to support development across multiple QPLs.

Designing such a cross-QPL code generation framework
poses several challenges, including differences in gate rep-
resentations (e.g., Qiskit [1] uses CX, while Cirq [3] uses
CNOT), syntax, standard libraries, and abstraction levels.
Supporting hybrid quantum-classical constructs, such as loops,
conditionals, and runtime feedback, also requires careful inte-
gration of classical control logic with quantum operations. To
address these challenges, we adopt a model-driven approach
that enables the automated generation of hybrid quantum-
classical systems across multiple QPLs. Our approach trans-
forms high-level system specifications into code for various
QPLs, facilitating interoperability across heterogeneous plat-
forms and improving development scalability.

In industrial quantum computing, the demand for cross-QPL
code generation is increasingly urgent. In response to gate-
level noise and inherent errors in today’s Noisy Intermediate-
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Scale Quantum (NISQ) quantum hardware, NTT has intro-
duced the concept of N-version programming (NVP), a fault-
tolerant strategy adapted from classical software engineer-
ing [5]. This technique involves generating and executing mul-
tiple semantically equivalent versions of a quantum program,
called N-version quantum software systems (NVQS), across
heterogeneous hardware and QPL platforms. By aggregating
the resulting probability distributions, it becomes possible
to derive high-confidence measurement outcomes. However,
generating NVQS implementations is challenging, as manual
translation between QPLs is error-prone and time-consuming,
while existing tools lack support for multi-language output,
making them inadequate for industrial deployment.

For example, the Quantum UML Profile [6] extends UML to
model quantum elements, such as qubits, gates, and measure-
ments, allowing visual modeling and translation into Qiskit
code. Another example is the Qiskit Code Assistant [7], which
uses large language models (LLMs) fine-tuned for quantum
computing to assist Qiskit SDK [8] users. Although promising,
these tools are limited to Qiskit and do not support multi-
QPL or cross-platform code generation. Qiskit Code Assistant
cannot automatically generate complete and correct quantum
programs; it typically serves as an auxiliary aid rather than a
fully automated solution. As such, they fall short of addressing
the broader need for automated, multi-QPL code generation
required for scalable NVP-based quantum software systems.

To overcome these limitations, we propose M2QCode, a
framework for generating multi-platform quantum programs.
M2QCode supports two key features: Multiple Quantum Code
Generation, which generates semantically equivalent programs
in different QPLs such as Qiskit [1], Cirq [3], Q# [2], and
Braket [4]; and Hybrid Quantum System Generation, which
produces hybrid quantum-classical systems. By combining
MQCG and HQSG, M2QCode offers greater flexibility and
broader platform support than existing Qiskit-specific tools.
We evaluated M2QCode on a quantum system industry dataset
collected by Qiskit [9], demonstrating its ability to produce
functionally equivalent and executable programs on multiple
platforms.

The main contributions of this paper are as follows.

« We present M2QCode, a model-driven code generation
framework to automatically generate quantum programs
in multiple quantum programming languages, including
Qiskit, Cirq, Q#, and Braket.



« We introduce support for hybrid quantum-classical
systems through Hybrid Quantum System Generation
(HQSG), enabling the generation of both classical and
quantum components.

o« We evaluated M2QCode through seven industry case
studies collected by Qiskit [9], demonstrating its ability
to model and generate functionally equivalent and exe-
cutable quantum systems on diverse target platforms.

The remainder of this paper is structured as follows. Sec-
tion II provides background on quantum computing and code
generation. Section IV describes our approach. Section V
presents the experimental setup and results. Section VI dis-
cusses our findings. The related work is reviewed in Sec-
tion VII, and the paper is concluded in Section VIII.

II. BACKGROUND

This section introduces the basic concepts of quantum
computing, followed by a brief overview of code generation
techniques relevant to quantum software development.

A. Quantum Computing

1) Quantum Bit (Qubit): A quantum bit, or qubit, is the
fundamental unit of information in quantum computing. Un-
like a classical bit, a qubit can exist in a superposition of states
|0) and |1), with specific probabilities of collapsing to either
state upon measurement. Mathematically, a qubit is expressed
as:

[¢) = a|0) + B|1), where |af> + 8] =1 (1)

In equation 1, o and 3 are the probability amplitudes for
states |0) and |1), respectively. The likelihood of measuring
the qubit in each state is given by |a|? and |3|2, with the total
probability summing to 1.

2) Quantum Gates and Circuits: Quantum operations are
represented by logic gates, unitary operators that transform
qubit states according to their corresponding unitary matrices.
For N qubits, a quantum gate is described by a matrix of
2N x 2N These gates serve various roles: the Pauli gates
perform rotations, the Hadamard gate introduces superposi-
tion, and the CNOT gate creates controlled operations between
qubits. Some gates operate on individual qubits, while others
act on multiple qubits.

Recent advances in quantum hardware have enabled the
development of dynamic circuits [10], which support classical
processing during the execution of a quantum circuit. This
allows for mid-circuit measurements and feedforward oper-
ations, where measurement outcomes influence subsequent
gate operations. While such capabilities enhance algorithm
efficiency, they also introduce additional complexity to the
quantum code generation.

3) Quantum Programming Framework: Several open-
source frameworks have been developed to support quantum
programming. Among the most widely used are Qiskit [1],
Q# [2], Cirq [3], and Braket [4], which serve as the primary
target languages supported by our framework.

« Qiskit is a Python-based SDK that supports the creation,
simulation, and execution of quantum circuits. It also
offers a dynamic circuit suite for integrating classical
control logic into quantum programs.

« Cirq is another Python-based library that provides fine-
grained control over circuit construction, enabling opti-
mization for specific hardware constraints.

o Q# is a domain-specific language developed by Microsoft
as part of the Quantum Development Kit (QDK). It fea-
tures strong typing and a rich development environment
tailored for scalable quantum software.

« Braket, developed by Amazon Web Services, is a man-
aged quantum service with a Python-based SDK for
building, simulating, and executing quantum circuits.

The diversity of QPLs presents challenges for code gen-
eration, particularly in designing transformation rules that
accommodate variations in syntax, semantics, and runtime
capabilities.

B. Code Generation

Code generation [11] refers to the automated creation of
source code from higher-level representations, such as mod-
els [12], specifications [13], or intermediate languages [14].
It aims to improve developer productivity, reduce errors,
and ensure consistency across software systems. Code gen-
eration methods are generally classified into traditional ap-
proaches [12], [13], [14] and machine learning (ML) based
approaches [15], [16]. Traditional methods generate code from
structured artifacts, such as domain-specific languages (DSLs),
UML models, or formal specifications. ML-based methods,
including large language models (LLMs), produce code from
natural language descriptions with minimal human input [16].

Although code generation is well established in classical
software engineering, applying these techniques to quantum
computing poses new challenges. Traditional approaches re-
quire the design of quantum-specific abstractions and trans-
formation rules for various QPLs. ML-based methods can
generate simple quantum programs, but often lack the domain
knowledge needed to handle complex and customized quantum
algorithms [17].

III. QUANTUM SYSTEM MODELING

In this paper, we adopt QuanUML [18] as our modeling
language. This section introduces the key modeling constructs
defined in the QuanUML specification that are used throughout
the remainder of the paper.

A. Quantum System Modeling

The class diagram in high-level modeling provides a struc-
tural view of hybrid quantum-classical systems. The system
is represented as a set of modules, each containing classi-
cal components and quantum algorithm components. In the
extended class diagram, the entire system is modeled as a
parent class, with its components represented as child classes
based on the system design. The functions are grouped within
the appropriate child classes. For quantum components, a
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Fig. 1: Modeling specifications for quantum gates in UML
(adapted from [18]).
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complete quantum algorithm is modeled as a child class
and further detailed in the sequence diagram. To distinguish
between classical and quantum components, the stereotype
((Quantum)) is applied to quantum-related classes, while
classical components do not require additional labels.

B. Quantum Circuit Modeling

1) Qubits: In the quantum UML specification, qubits are
modeled as distinct entities and annotated with the stereotype
({(qubit)), distinguishing them from classical variables labeled
((classical_bit)). The qubit lifeline represents its state from
initialization to collapse.

2) Gate Operations: Quantum gates introduce superposi-
tion and entanglement, making them critical yet challenging
to model. Figure 1 shows the modeling of the Hadamard
and CNOT gates. The left side shows single-qubit gates (e.g.,
Hadamard) are modeled as asynchronous messages because of
the absence of control flow, and their lifelines must complete
before the next operation. The right side shows multi-qubit
gates (e.g., CNOT) are modeled as synchronous grouped
messages to reflect control relationships and phase kickback.
The control flow is labeled with {{control)), while the target
qubit may be labeled with ({controlled)), or omitted when
unnecessary. This approach enables intuitive visualization of
internal gate relationships. Some gates, such as the Swap gate,
require special treatment.

3) Quantum Measurement: Measurement collapses the
state of a qubit into a classical bit, serving as an interface
between quantum and classical components. In the UML
model, this is represented by an asynchronous message from
the qubit to the classical bit, with the lifeline of the qubit
terminating at measurement.

Example: Bell State Circuit. Figure 2 shows a UML specifi-
cation of a Bell State circuit using PlantUML [19]. The circuit
uses two qubits to generate entanglement, and two classical
bits to store measurement results. The Hadamard gate intro-
duces superposition to qubit_0, and the cx (CNOT) gate
entangles qubit_0 and qubit_1. The control relationship
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Fig. 2: UML modeling specification of the Bell State circuit
(adapted from [18]).

indicates that qubit_1 is controlled by qubit_0. Measure-
ment collapses the qubit states, terminates their lifelines, and
stores the outcomes in classical bits.

IV. APPROACH

Model-Driven Development (MDD) relies on model trans-
formations to support efficient design, analysis, and imple-
mentation of systems, reducing the manual coding effort. In
this paper, we focus on transforming a Platform-Independent
Model (PIM) into executable quantum programs across mul-
tiple quantum programming languages. The general transfor-
mation process is illustrated in Figure 3, which consists of
two main steps: (1) extracting information from the PIM
into an intermediate representation (Section IV-A), and (2)
generating quantum and classical code from the intermediate
representation (Section IV-B).

The PIM is constructed using an extended UML-based
modeling approach and serves as the abstract input model.
Custom transformation algorithms are defined to map both
structural and behavioral elements from the PIM to an in-
termediate representation (IR), and subsequently to platform-
specific quantum and classical code.

A. Transformation from a Platform-Independent Model to an
Intermediate Representation

The quantum PIM serves as an input to the transforma-
tion process, and the intermediate representation stores the
extracted structural and behavioral information. The PIM
includes an extended UML class diagram for capturing the
system structure and a sequence diagram for describing the
behavior of the quantum algorithm.

The class diagram represents the system at a high level,
whereas the sequence diagram captures gate-level quantum
operations. We developed a parser and internal data rep-
resentation to extract and store the information from both
diagrams. Specifically, the extracted class diagram data include
packages, classes, operations, and attributes. The sequence
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Fig. 3: M2QCode Workflow

diagram data includes qubit declarations, gate operations,
and measurements, all encapsulated as UMLBlocks in the
intermediate representation.

Algorithm 1: Transform Quantum PIM to Intermediate
Representation

Input: Quantum PIM Class Diagram and Optional Sequence
Diagram
Output: Intermediate Representation
1 while package is not empty do
Element < GetNextElement (ClassDiagram);
if Element is Package then
| TransformPackage(Element);
else if Element is Class then
TransformClass(Element);
TransformOperationsAndProperties(Element);

P I N N )

8 TransformAssociations(ClassDiagram);
9 if SequenceDiagram is specified then

10 ElementList «+
GetAllElements (SequenceDiagram);
11 TransformQubitsAndClassicalBits(ElementList);
12 TransformQuantumGates(ElementList);
13 TransformMeasurement s(ElementList);

14 return IntermediateRepresentation;

based on its stereotype. Combined fragments (e.g., groups)
and messages are transformed into multi-qubit operation ob-
jects, while conditional fragments (e.g., Alt) become condi-
tional operation blocks. Asynchronous messages correspond
to single-qubit operations, with operation types inferred from
stereotypes.

B. Transformation from an Intermediate Representation to
Quantum Code

1) Quantum Code Generation: The first step in code gen-
eration produces a quantum program based on IR for a given
target QPL. The algorithm 2 summarizes the procedure.

Algorithm 2: Quantum Code Generation from Inter-
mediate Representation

Input: Intermediate Representation (IR), Target Quantum
Language

Output: Executable Quantum Program

TargetLanguage <— GetTargetQuantumLanguage ();

ImportQuantumPackage(TargetLanguage);

CreateQubitsAndClassicalBits(IR);

CreateGateOperations(IR);

CreateExecutionInstructions(TargetLanguage);

return QuantumProgram;

=Y T VI SR

The algorithm 1 outlines the PIM-to-IR transformation
process.

1) Class Diagram: Each package in the UML class diagram
is recursively transformed into a structured object in the IR.
Classes are extracted along with their operations and attributes.
Associations among classifiers are also converted into cor-
responding association objects. Quantum-related classes are
annotated with the stereotype ((Quantum)) during transfor-
mation.

2) Sequence Diagram: If a sequence diagram is provided,
each Actor is converted into a Qubit or ClassicalBit object

The process starts by importing the necessary libraries,
followed by creating qubit and classical bit variables. Some
QPLs automatically allocate these resources, while others
require explicit declarations.

The QuantumCircuit object is then defined, and the quantum
gate and measurement operations are added in sequence.
Single-qubit gates contain one target qubit as a parameter,
while multi-qubit gates and measurement operations contain
multiple parameters. Conditional operations (e.g., dynamic
circuits) are represented as operations along with the classical
condition and are only supported in select QPLs. Finally,
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simulation settings and execution instructions (e.g., number
of shots) are appended to complete the executable program.

2) Classical Code Generation: The second step involves
generating Python code for the classical components of the IR,
due to major QPL frameworks relying on Python. Although
UML-to-code tools exist, they typically require modification
to accommodate the characteristics of quantum systems.

The process begins by importing the previously gener-
ated quantum modules. Then elements such as Class,
Interface, and Abstract are converted into Python class
definitions, following the directory structure defined in the
IR. Attributes and functions are mapped accordingly, though
function bodies remain empty by design, allowing developers
to implement logic manually.

C. Supporting Tools

The M2QCode framework comprises both modeling and
transformation components. The modeling process uses Plan-
tUML [19], a lightweight tool that generates UML diagrams
through simple text-based descriptions, enabling the quick
modeling of quantum systems. The transformation process
uses a custom parser developed with Peggy [20], a JavaScript-
based parser generator. It converts UML models into an
intermediate representation.

The quantum code generator is implemented in JavaScript.
We define QPL-specific conversion rules using JavaScript,
enabling lightweight and flexible generation of target code.

In summary, M2QCode provides an end-to-end workflow
for automatically generating quantum circuit code from high-
level models. This approach improves code portability, reduces
manual development effort, enhances software quality, and
extends model-driven development to the quantum computing
domain.

V. EVALUATION OF IMPLEMENTED TRANSFORMATIONS
FOR QUANTUM SYSTEMS

A. Research Questions (RQs)

In our evaluation, we assess M2QCode’s ability to model
and generate quantum systems across multiple QPLs, guided
by the following research questions (RQs):

e RQ1: How does M2QCode model practical quantum
systems? As a foundational aspect of our research, this
question asks whether M2QCode can effectively model
real-world quantum systems. Addressing it demonstrates
the framework’s feasibility and applicability in real-world
settings, highlighting its potential for adoption in model-
driven quantum software development workflows.

RQ2: How effective is the generation of the quantum
system? This question examines whether the quantum
system generated by M2QCode preserves the semantic
and structural information of the original quantum UML
model.

RQ3: Can M2QCode generate functionally equivalent
quantum code across multiple QPLs? This question eval-
uates whether the quantum code generated by M2QCode
is functionally equivalent to the Platform Independent
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Model (PIM) from which it is derived. Achieving such
functional equivalence is a key indicator of the correct-
ness and reliability of the code generation process.

B. Case Studies

To evaluate the performance of M2QCode in modeling and
generating quantum systems, we used an open-source dataset
of classical quantum systems [9], which includes seven curated
case studies. Each case satisfies the following criteria: (1)
it represents a concrete application of a quantum algorithm,
(2) it provides sufficient information to model a complete
hybrid classical-quantum system, (3) it follows a gate-based
quantum programming paradigm, and (4) it addresses a real-
world problem reported by a company or organization. Table I
presents an overview of the seven selected systems, including
their identifiers, the organizations that propose them, the
targeted problems, and the quantum algorithms used in each
case.

Using our extended UML-based quantum modeling ap-
proach, we reformulated these seven quantum system cases
to assess M2QCode’s capabilities in systematically analyzing
the system, extracting semantic information, and automating
the generation of executable quantum programs.

C. Evaluation Metrics

To assess the effectiveness of M2QCode in modeling and
generating quantum systems, we adopt the following evalua-
tion metrics, aligned with research questions (RQs):

e Precision & Recall: To evaluate the effectiveness of
M2QCode in generating the classical components of
quantum systems (RQ2), we use precision and recall.
Precision measures the proportion of correctly generated
code segments among all segments produced, while recall
measures the proportion of relevant target segments that
were successfully generated.

Relevant elements

Precision =

2

Relevant elements + False Positives

Relevant elements

Recall = 3

Relevant elements + False Negatives

CodeBLEU: To evaluate the effectiveness of M2QCode
in generating quantum code (RQ2), we adopt the Code-
BLEU metric, which evaluates both syntactic and se-
mantic similarity between the generated code and a
reference implementation. CodeBLEU extends the tra-
ditional BLEU metric by combining the following four
components:

— Standard BLEU Score: Measures n-gram overlap
between the generated and reference code.

— Weighted n-gram Match: Applies weights to code
tokens based on their semantic importance (e.g., con-
trol keywords, identifiers), prioritizing critical syntax
elements.



TABLE I: Overview of Selected Quantum Systems

ID Proposer(s) Domain / Problem Quantum Algorithm / Method

Cl1  Airbus Multidisciplinary design optimization HHL (Harrow—Hassidim—-Lloyd)

C2  Airbus Computational fluid dynamics (CFD) for aircraft =~ Quantum machine learning (QML)
design

C3  Boehringer Imaging of molecular structures in biological =~ Quantum approximate optimization algorithm
tissues (QAOA)

C4  BASF Boehringer Simulation of chemical reactions and molecular  Variational quantum eigensolver (VQE)
properties

C5  Munich Re, SAP Pallet and truck load optimization in logistics QAOA

C6  IBM (Qiskit Finance)  Financial modeling and risk analysis QML

C7 VW, SAP Routing in autonomous driving and vehicle pro-  QAOA variant

duction

— Syntax Match: Compares abstract syntax trees (ASTs)
to capture structural similarity between programs.

— Semantic Match: Applies data flow analysis to evalu-
ate whether the generated code preserves the semantics
of the reference program.

This combination makes CodeBLEU particularly well-
suited for evaluating the syntactic and semantic correct-
ness of source code in generation tasks.
Kullback—Leibler (KL) divergence: To evaluate functional
equivalence across QPLs (RQ3), we use KL divergence
to measure the difference between the measurement prob-
ability distribution p of the generated program and the
reference distribution gq. A lower KL divergence indicates
a higher functional equivalence, which means that the
generated quantum program behaves more consistently
with the expected reference output.

Dxr(p | q) = Zp(i) log % “

D. Experiment Setup
Our experimental setup consists of the following key steps:

« We model each hybrid quantum-classical system in the
selected case studies using extended UML class and
sequence diagrams.

We apply M2QCode to automatically generate the cor-
responding classical Python code and quantum code for
multiple QPLs.

We evaluate the effectiveness of the overall modeling
and code generation process using the predefined static
evaluation metrics described above.

We verify the generated quantum code across different
QPLs by executing it on quantum simulators, depending
on their feasibility and availability.

E. Evaluation Results and Analysis

1) RQI: How does M2QCode model practical quantum
systems?: We use case study C1 to illustrate how M2QCode
models a hybrid quantum-classical system. Figure 4 presents
the corresponding class diagram. The MachineLearningPDE-
Solver package represents the overall system architecture.
The App class serves as the application entry point, and the
Presentation package contains the MainForm class, which
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defines the user interface for the input and configuration of
the problem.

The BusinessLogic package is responsible for formulating
the optimization problem, while the ClassicalQuantumBusi-
nessLogic package handles the creation and coordination of the
quantum optimization model. The QuantumLogic package en-
capsulates the implementation of the Harrow—Hassidim-Lloyd
(HHL) quantum algorithm and is associated with the quantum
model. All quantum-related classes and packages are annotated
with the UML stereotype ((Quantum)), which distinguishes
quantum components from classical ones.

Figure 5 shows the sequence diagram of a 4-qubit HHL al-
gorithm modeled using M2QCode. In this model, each Object
represents a qubit and is labeled with the ({qubit)) stereotype.
Gate operations are expressed as Message elements: a self-
message represents a single-qubit gate, with the message name
indicating the specific quantum operation (e.g., h, x, rz).

For multi-qubit operations, a GroupMessage is used, where
the control qubit acts as the sender and the target qubit as the
receiver. This abstraction effectively models controlled opera-
tions such as CNOT, preserving both structural and behavioral
semantics of the circuit.

C1 includes both a class diagram and a sequence diagram,
offering complementary perspectives. The class diagram pro-
vides a high-level architectural view of the system, while
the sequence diagram captures the implementation details of
the quantum algorithm, including the temporal ordering and
interaction of qubits and operations.

Answer to RQ1: M2QCode can model hybrid quantum-
classical systems at both the structural (class) level and
the quantum algorithm level, providing clear separation
and integration of classical and quantum components.

2) RQ2: How effective is the generation of the quantum
system?: Table II presents the effectiveness of M2QCode in
generating the classical part of the quantum-classical system
from an information retrieval perspective. The results show an
average precision of 82% and a recall of 100%. Interestingly,
the number of generated elements exceeds the number of
expected code segments. Upon further analysis, we found
that this is due to M2QCode’s inclusion of Python-specific
language features, such as the automatic generation of default
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Fig. 4: Class diagram representation of C1

constructors for each class. These constructors are added to
ensure correct object initialization. As shown in the table, the
number of #Operations in the generated code is equal to the
sum of #Operations and #Classes in the UML model, support-
ing this interpretation. When these auto-generated constructors
are excluded, the precision also reaches 100%, aligning exactly
with the expected output. These findings demonstrate that
M2QCode can effectively extract structural information from
UML models and generate syntactically correct and semanti-
cally faithful Python code.

Table III shows that M2QCode achieved 100% precision
and recall in all QPLs and case studies, indicating that it can
accurately identify quantum elements and generate complete
quantum code segments.

Although M2QCode supports code generation for multiple
QPLs, our analysis focuses on Qiskit, as the benchmark dataset
provides reference implementations only in Qiskit. Figure 6
shows the CodeBLEU scores for each case.

M2QCode-generated programs achieve high syntax match
scores based on AST comparisons. Even the lowest score
(0.55 for C4) indicates a significant structural similarity to
the reference circuits. However, the overall CodeBLEU scores
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are relatively modest.

A detailed analysis reveals that naming discrepancies have
a significant impact on the BLEU and data flow compo-
nents. M2QCode uses standardized identifiers (e.g., gc, g,
cRegister), while the reference circuits use varied naming
styles and often include execution setup such as circuit in-
stantiation and measurement instructions, while also using ad
hoc naming schemes and omitting boilerplate code. Although
these textual mismatches are irrelevant to program semantics,
they substantially impact BLEU and data flow scores.

To validate this hypothesis, we manually adjusted the vari-
able names in the generated code to match the reference
implementations. As shown in Figure 7, this alignment led to a
significant improvement in CodeBLEU scores, confirming that
M2QCode produces semantically and functionally equivalent
code.

Answer to RQ2: M2QCode demonstrates that generated
classical and quantum components preserve the structural
and semantic information encoded in the original UML
model. It achieves high precision and recall, and the
generated quantum code exhibits a high structural and
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I semantic similarity to the reference implementations. I

3) RQ3: Can M2QCode generate functionally equivalent
quantum code across multiple QPLs?: To evaluate the func-
tional correctness of the generated quantum code, we measure
the distance between the output distributions of the generated
and reference circuits using the Kullback-Leibler (KL) diver-
gence metric. Each program was executed 1024 times and
the measurement results were used to approximate the output
distribution.

To minimize the variation caused by different quantum
execution environments, we used quantum simulators with
comparable capabilities across all tested QPLs. This approach
ensured that differences in output distributions were due solely
to the M2QCode generation process, not back-end discrepan-
cies.

Table IV shows the KL divergence values between the
generated and reference circuits. In all evaluated cases, the
divergence remains below 0.1, indicating that the generated
quantum programs closely approximate the expected output
behavior. These results confirm that M2QCode can produce
quantum programs functionally equivalent to reference imple-
mentations in different QPLs.

We note that for cases C1, C2, and C5, no results were
obtained for the Q# implementation. Further investigation
revealed that these programs failed to execute due to using
u2 and u3 gates, which are not natively supported in Q#.
These gates perform parameterized rotations around the x-,
y-, and z-axes.

Although M2QCode provides callable placeholders for such
composite gates, the developer must provide the internal
implementations. After manually defining these gates using
the available Q# operations, all three programs executed
successfully. This confirms that functional equivalence remains
achievable in Q# through manual adaptation when unsupported
gates are involved.

Answer to RQ3: M2QCode can generate functionally
equivalent quantum code across multiple QPLs. The KL
divergence results confirm that the generated programs
closely match the expected output behavior, with low
divergence values in all supported cases.

TABLE II: Elements Completeness Comparison for Code
Generation

C1 C2 C3 C4 Cs Co c7

#Packages 8 8 5 8 8 8 8

o #Classes 3 10 9 9 9 12 10
Diagram #Operations 10 21 11 11 11 20 11
#Attributes 16 13 5 9 9 16 11

#Packages 8 8 5 8 8 8 8

gy‘:"“ #Classes 3 10 9 9 9 12 10
G‘e’ngmﬁon #Operations 23 31 20 20 20 25 21
#Attributes 16 13 5 9 9 16 11

RQ2: #Relevant elements 53 57 35 40 40 55 45
Jassical #Irrelevant elements 13 10 9 9 9 12 10

go‘j;’c“ #Missing elements 0 0 0 0 0 0 0
Fiffectiveness #Precision 0.80 085 080 082 082 08 082
#Recall 100 100 100 100 1.00 100 1.00
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Fig. 6: CodeBLEU score of generated Qiskit quantum code

TABLE III: Precision and Recall of QPLs on Each Case

Metric QPL Cl C2 C3 C4 C5 C6 (7
Precision  All QPLs 1 1 1 1 1 1 1
Recall All QPLs 1 1 1 1 1 1 1

Origin
Modified

CodeBLEU Score

c =) c3 ca cs c6 c

Fig. 7: Comparison of CodeBLEU scores before and after
variable renaming

TABLE IV: Kullback-Leibler divergence between original and
generated quantum circuits

QPL C1 c2 C3 Cc4 C5 Cé C7  Avg.
Qiskit  0.02 001 000 003 000 006 001 0.00
Cirq 001 001 000 003 000 007 002 0.00
Braket 0.03 001 0.00 0.02 0.00 0.06 002 0.00
Q# - - 0.00 0.03 - 0.04 002 0.00

VI. DISCUSSION

A. Interpretation of Experimental Results and Their Implica-
tions

The evaluation results demonstrate the promising capabili-
ties of M2QCode in modeling and generating hybrid quantum-
classical systems. High precision and recall scores confirm
the effectiveness of the framework in extracting structural and
behavioral information from UML-based models. The results
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of CodeBLEU further support its ability to generate quantum
code with strong syntactic and semantic similarity to reference
implementations, while the low KL divergence values indicate
functional correctness across different QPLs.

These findings highlight the feasibility of applying Model-
Driven Development (MDD) to quantum software engineering.
The ability to generate semantically equivalent quantum pro-
grams across multiple QPLs can significantly reduce develop-
ment complexity, enhance code maintainability, and promote
interoperability in multiplatform quantum software systems.

B. Potential Improvements

Although M2QCode shows strong capabilities, several areas
remain for future enhancement.

o Higher Abstract Level. M2QCode currently adopts a
circuit-level modeling approach, allowing for the repre-
sentation of a wide range of quantum circuits with fine-
grained control. However, this representation remains
relatively low-level, limiting abstraction. To address this,
we are extending the framework to support modular
modeling, allowing users to define and reuse custom
circuit modules (e.g., Oracles in Grover’s algorithm)
that frequently recur in quantum programs. This modular
representation improves abstraction and reusability by
reducing gate-level complexity.

o Modeling Efficiency. As quantum circuits grow in depth
and complexity, manually modeling quantum algorithms
using extended UML sequence diagrams becomes in-
creasingly labor-intensive. Future work should explore
abstractions or automation techniques to reduce the hu-
man effort required to model large-scale quantum algo-
rithms.

User-Defined Gate Composition. As observed in the Q#

experiments, gates such as u2 and u3 are not natively

supported and require manual implementation. Support-
ing user-defined composite gates would allow developers



to define reusable gate blocks, improving both modeling
efficiency and compatibility across QPLs.

Scalability to Quantum Machine Learning. Quantum ma-
chine learning (QML) is widely applied in domains such
as chemistry, physics, and materials science. For users
without deep experience in quantum programming, de-
veloping QML applications across platforms can be chal-
lenging. Extending M2QCode to support QML frame-
works, such as PennyLane and TensorFlow Quantum,
would make it more accessible to a broader audience.

VII. RELATED WORK
A. Classical Code Generators

Model-Driven Development (MDD) has been widely used
in classical software engineering to bridge the gap between
high-level models and executable code. Classical code genera-
tors [11], [12], [21] typically rely on modeling languages, such
as UML and domain-specific languages (DSLs), to support
automated transformations into general-purpose programming
languages, such as Java, C++, and Python. Tools such as
Eclipse Acceleo and Papyrus enable model-to-text (M2T)
transformations [22] and employ Platform Independent Models
(PIMs) and Platform Specific Models (PSMs) to manage
different abstraction levels.

Although effective for classical systems, these tools are not
designed to handle the unique features of quantum software,
such as qubits, quantum gate operations, and hybrid classical-
quantum interactions. This limitation highlights the need for
MDD techniques specifically tailored to the quantum domain,
which motivates the development of quantum code generation
frameworks.

B. Quantum Code Generators

Several quantum code generation approaches have been pro-
posed in recent years, including both visual modeling tools and
Al-assisted solutions. For example, Jimenez-Navajas et al. pro-
posed a quantum system generator based on a quantum UML
Profile [23], which extends classical UML with quantum-
specific stereotypes to support the modeling of qubits, gates,
and measurements. Although effective in generating hybrid
systems, this approach is tightly coupled with Qiskit and lacks
support for multiplatform code generation and some widely
used quantum gates (e.g., CSWAP).

Another line of work is represented by the Qiskit Code
Assistant [7], which leverages large language models (LLMs)
fine-tuned for quantum programming to generate code from
natural language prompts. Although promising, these tools
do not provide guarantees of program correctness and lack
the structured model-based generation capabilities offered by
MDD.

Classiq [24] adopts a proprietary high-level modeling lan-
guage, Qmod, which serves as an abstract intermediate rep-
resentation and is compiled into Qiskit programs through a
custom backend compiler. However, Qmod is not aligned with
established methodologies in the Model-Driven Development
(MDD) community or standard practices in quantum system
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modeling, and the Classiq framework also lacks support
for quantum programming languages beyond Qiskit. These
limitations restrict its applicability in multiplatform quantum
software engineering, particularly in industrial contexts where
automated cross-QPL code generation and deployment are
essential.

Some existing quantum code generation frameworks [25],
[26] based on Model-Driven Development (MDD) abstract
quantum circuits at the layer level, grouping operations into
predefined structural blocks. While this approach improves
abstraction, it imposes modeling constraints: users must define
layer structures in advance, which reduces flexibility and limits
expressiveness. Consequently, such frameworks are suitable
only for a restricted class of quantum programs and generally
do not support multiple quantum programming languages
or hybrid quantum-classical modeling, further limiting their
applicability in industrial quantum software engineering.

These limitations leave a gap for frameworks such as
M2QCode, which aim to integrate model-driven design with
platform-agnostic quantum program generation, supporting
multiple QPLs, including Qiskit, Cirq, Q#, and Braket.

VIII. CONCLUSION

This paper presented M2QCode, a Model-Driven Develop-
ment (MDD) framework for automatically generating multi-
platform quantum programs. M2QCode addresses key chal-
lenges in the NTT NVQS development pipeline and supports
scalable quantum software development across multiple quan-
tum programming languages (QPLs), including Qiskit, Cirq,
Q#, and Braket. The framework enables system-level modeling
of hybrid quantum-classical systems using an extended UML-
based specification and supports automated transformation into
executable code for multiple QPLs.

We evaluated M2QCode through case studies involving
seven real-world quantum systems, demonstrating its ability
to model hybrid systems, extract structured representations,
and generate syntactically correct and functionally equivalent
code.

By integrating system modeling with code generation,
M2QCode supports model-driven development for quantum
software, reducing design complexity and enabling broader
platform interoperability. Although the framework has shown
promising results, there are opportunities for further enhance-
ment. One such direction is the addition of user-defined gate
composition support. This would address the limitations iden-
tified in our case studies, such as the lack of native support for
certain gates in Q#, and would facilitate the reuse of common
structural patterns in quantum algorithms. Allowing users to
define composite gate functions would reduce modeling effort
and improve scalability for larger systems.
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