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Abstract
A pivotal method in the field of quantum information processing (QIP) is quantum state tomography (QST), which is 
mostly used to reconstruct previously unidentified quantum states. However, traditional QST approaches have serious 
drawbacks due to the enormous number of measurements they require, making them impractical for studying large-
scale quantum systems. To address this issue, a new approach is presented by combining Quantum Machine Learning 
(QML) methods to improve the effectiveness of QST. This work conducts a thorough investigation of various QST 
techniques, including both classical and quantum approaches. Various QML techniques for QST are used, demonstrating 
their effectiveness in a variety of simulated and experimental quantum systems, including complex multi-qubit networks. 
The results of this research support the outstanding prospect of QML-based QST method in achieving very high-fidelity 
levels while drastically reducing the number of measurements needed in comparison to conventional methods. This 
innovative method has great potential for real-world applications in the field of quantum information processing.

Introduction
Quantum State Tomography (QST) is an indispensable tool in the realm of Quantum Information Processing (QIP), 
enabling the reconstruction of unknown quantum states from measured data. This process is critical for verifying and 
validating quantum systems, which are increasingly central to advancements in quantum computing, communication, 
and cryptography. Despite its importance, traditional QST methods face substantial challenges, particularly regarding 
the measurement overhead required for accurately reconstructing quantum states. As the number of qubits in a 
quantum system increases, the number of required measurements grows exponentially, making conventional QST 
techniques impractical for large-scale quantum systems. To address these limitations, researchers have explored various 
methods to reduce the measurement burden in QST. Among these, Quantum Machine Learning (QML) has emerged 
as a promising approach. QML leverages the power of quantum algorithms combined with classical machine learning 
techniques to optimize quantum processes, including state tomography. By integrating QML into QST, it is possible to 
significantly reduce the number of measurements needed while maintaining high fidelity in the state reconstruction. 
An extensive analysis of QML-based methods for QST is presented in this research. This study has investigated the 
integration of quantum variational circuits inside the QST framework and assessed their performance in a variety of 
simulated and experimental quantum systems. This study shows that high-fidelity reconstructions can be achieved with 
a fraction of the measurements needed by conventional approaches using the suggested QML-based QST technique. 
In addition to increasing QST’s efficiency, this development creates new opportunities for real-world QIP applications, 
especially in the validation and analysis of intricate, large-scale quantum systems. The primary goal is to explore and 
integrate Quantum Machine Learning (QML) techniques, specifically using quantum variational circuits, within Quantum 
State Tomography (QST) to significantly enhance its efficiency by reducing measurement requirements and optimizing 
the overall process. This involves evaluating the performance of these QML-based QST methods through comprehensive 
simulations on multi-qubit systems and subsequent validation on real quantum hardware, enabling a direct comparison 
of efficiency and accuracy against traditional methods. A key objective is to quantify the reduction in measurement 
overhead achieved by the QML approach, carefully analyzing the trade-offs between measurement reduction and the 

https://www.primeopenaccess.com/international-journals/journal-of-advanced-robotics-autonomous-systems-and-humanmachine-interaction.asp


2J Adv Robot Auton Syst Hum Mach Interact, 2026

fidelity of the reconstructed states using specially developed efficiency and effectiveness metrics. Furthermore, the 
research aims to identify the limitations and challenges, such as scalability issues with increasing system size and 
robustness against real-world noise, and propose potential solutions or future research directions. Ultimately, this 
work seeks to contribute a scalable and efficient methodology for quantum state reconstruction to the broader field of 
Quantum Information Processing, positioning the QML-based QST approach as a viable solution for practical quantum 
computing and communication applications.

Literature Review
Existing Studies Analysis
It has been demonstrated that a neural network quantum state with a set of model parameters that scale polynomial in 
the number of qubits has enough expressivity to describe a broad range of quantum states [1]. Additionally, the machine 
learning community has long studied neural network training techniques, and optimization has been directly applied 
to NNQST [2]. The first iteration of NNQST, an effective QST protocol based on a restricted Boltzmann machine (RBM) 
neural network ansatz and a cross-entropy loss function, was developed by Torlai et al. after neural network quantum 
states were introduced [3,4]. Numerous pure states, such as W states, the ground states of many-body Hamiltonians, 
and time-evolved many-body states, have been satisfactorily characterized using NNQST [5,6]. Shadow tomography 
is based on the clever finding that given quantum states of arbitrary size, some observable can be predicted with a 
polynomial number of measurement samples [7]. This process is prepared for real-world tests by the conventional 
shadow protocol, which further takes use of the stabilizer formalism’s efficiency [8]. Despite the great success of lattice 
gauge theory in QCD research, the sign problem in existing simulation methods still makes it impossible to simulate 
many significant physical events, including real-time evolution. This obstacle is anticipated to be solved by quantum 
computers in lattice gauge theory-based QCD simulations, which could lead to new QCD discoveries [9].

Table 1: Comparative Analysis of Existing Studies

time evolution. This obstacle is anticipated to be solved by 
quantum computers in lattice gauge theory-based QCD 
simulations, which could lead to new QCD discoveries [16]. 
TABLE I. Comparative Analysis of Existing Studies 

Existing 
Research 

Core 
Methodology 

Key Findings Limitations 

[1] Developed a 
QML-based 

approach using 
variational 

quantum circuits 
for QST 

Demonstrated a 
reduction in 

measurement 
overhead while 

maintaining 
high fidelity in 

multi-qubit 
systems 

Performance 
highly dependent 
on circuit depth 
and noise levels 

[2] Proposed a 
hybrid classical-

quantum 
approach to 
QST using 

neural networks 

Achieved 
efficient state 
reconstruction 

with fewer 
measurements 
than traditional 

methods 

Scalability issues 
with increasing 
qubit numbers 

[3] Introduced a 
compressed 

sensing 
technique 

optimized with 
QML for QST 

Showed 
significant 

improvement in 
measurement 
efficiency for 

sparse quantum 
states 

Requires prior 
knowledge of 
state sparsity 

[4] Utilized 
reinforcement 

learning to 
adaptively select 
measurements in 

QST 

Enhanced 
accuracy in state 
reconstruction 

with fewer 
measurements 

High 
computational 

cost for training 
the 

reinforcement 
learning model 

[5] Applied 
generative 
adversarial 
networks 

(GANs) for 
quantum state 
reconstruction 

Achieved high-
fidelity QST 
with reduced 

data 
requirements 

Susceptible to 
mode collapse 
and requires 

extensive 
training 

[6] Implemented 
quantum 
shadow 

tomography 
with classical 

post-processing 

Provided 
exponential 
speedup in 

certain cases 
and reduced 
measurement 
requirements 

Limited to 
specific types of 
quantum states; 
not universally 

applicable 

[7] Leveraged 
quantum kernels 

in machine 
learning models 

for QST 

Achieved 
improved 

accuracy in 
noisy quantum 
systems with 

minimal 
measurements 

High sensitivity 
to noise in 
quantum 
hardware 

 

B. Problem Statement  
Quantum State Tomography (QST) is critical for the 

verification and analysis of quantum systems, especially as 
quantum technologies continue to evolve. However, the 
practicality of traditional QST methods is severely limited by 
the exponential growth in the number of measurements 
required as quantum systems scale up. This measurement 
overhead not only increases the time and computational 
resources needed but also introduces significant challenges in 
maintaining accuracy and fidelity in the reconstructed 
quantum states. The primary problem addressed by this 
research is how to significantly diminish the measurement 

overhead in QST while ensuring high-fidelity state 
reconstruction, particularly for complex, large-scale quantum 
systems. 

III. RESEARCH METHODOLOGY 

A. Flow of the Proposed Work 
The research aims to integrate Quantum Machine 

Learning (QML) techniques into Quantum State 
Tomography (QST) and evaluate their performance, starting 
with the Data Acquisition and Simulation phase. This 
involves utilizing quantum simulators (like those in Qiskit or 
Pennylane) to generate diverse quantum states, from simple 
two-qubit to complex multi-qubit networks, which will serve 
as the training and testing data. The core of the method lies in 
Quantum Variational Circuit Design, where quantum 
variational circuits are implemented and tailored to optimize 
the QST process by minimizing the discrepancy between the 
actual and reconstructed quantum states, thereby reducing the 
number of measurements needed. This leads into Training 
and Optimization, where the circuits are trained using a mix 
of quantum and classical optimization methods (e.g., gradient 
descent, quantum natural gradient) to minimize a cost 
function measuring the fidelity of the reconstructed state. 
Crucially, the project will involve an Evaluation of 
Measurement Overhead Reduction by comparing the QML 
models' required measurement count and state fidelity against 
traditional QST methods like Maximum Likelihood 
Estimation (MLE) and Compressed Sensing. Finally, for 
practical validation, Experimental Validation will see the 
trained models implemented on real quantum hardware (e.g., 
IBM Quantum, Rigetti) to assess performance on 
experimental states and confirm practical viability. This 
entire process is rounded out by a Scalability and Robustness 
Analysis, which seeks to identify limitations as the number 
of qubits and noise increases, proposing solutions like hybrid 
quantum-classical models and error mitigation techniques. 

Initially, quantum states are generated using quantum 
simulators to create a diverse set of training and testing data, 
representing both simple and complex multi-qubit systems. 
The core of the methodology lies in designing quantum 
variational circuits that can be optimized to efficiently 
reconstruct quantum states. These circuits are trained using a 
combination of quantum and classical optimization 
techniques, with the objective of minimizing the number of 
measurements required for accurate state reconstruction. 
Once the quantum variational circuits are trained, their 
performance is evaluated by comparing the number of 
measurements and the fidelity of the reconstructed states 
against traditional QST methods, such as Maximum 
Likelihood Estimation and Compressed Sensing. This 
evaluation is conducted through extensive simulations, 
followed by experimental validation on real quantum 
hardware to ensure the practical applicability of the approach. 
The research also includes a thorough analysis of the 
scalability and robustness of the QML-based QST method, 
particularly in the presence of noise and as the quantum 
system size increases. The methodology is designed to 
iteratively refine the quantum circuits and measurement 
strategies, aiming to achieve an optimal balance between 
measurement efficiency and state reconstruction accuracy. 
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Fig 1. Proposed Architecture Design 

This architecture describes a hybrid quantum–classical 
workflow for Quantum State Tomography (QST) using a 
Variational Quantum Algorithm (VQA). The process begins 
with input quantum states generated either on real quantum 
hardware or through simulators. These states are passed into 
a quantum variational circuit whose trainable parameters are 
tuned by a classical optimizer. The circuit executes 
measurements on the input states in a measurement process, 
producing statistical data that captures partial information 
about the quantum state. This measurement data is then sent 
to a classical post-processing module, where machine 
learning or numerical optimization techniques reconstruct the 
underlying quantum state. A fidelity evaluation stage 
compares the reconstructed state with the true state to 
quantify reconstruction accuracy. The fidelity score is fed 
back to the optimizer, forming a closed feedback loop that 
iteratively adjusts the circuit parameters to achieve accurate 
reconstruction while reducing measurement overhead. This 
architecture integrates quantum resistivity with classical 
computational efficiency to perform scalable and adaptive 
quantum state tomography. 

B. Proposed Algorithm  
Algorithm 1: Algorithm for Reducing measuremnt overhead in 

QST  

Let 𝜌𝜌 represent the quantum state to be reconstructed, and 𝜌̂𝜌 
represent the reconstructed state. 

The goal is to minimize the discrepancy between 𝜌𝜌 and 𝜌̂𝜌 while 
minimizing the number of measurements 𝑀𝑀 

1.  Initialization:  

Generate an initial set of parameters 𝜃𝜃0  for the quantum 
variational circuit 𝑈𝑈(𝜃𝜃). 

Set the initial measurement count 𝑀𝑀0. 
2.  Quantum Variational Circuit:  

Total Task objective:  𝜌̂𝜌(𝜃𝜃) = 𝑈𝑈(𝜃𝜃) 𝜌𝜌𝜌𝜌(𝜃𝜃) 

3.   Cost Function (Fidelity):  

The cost function 𝐶𝐶(𝜃𝜃)  to be minimized is based on the fidelity 
F (𝜌𝜌, (𝜌̂𝜌(𝜃𝜃))): 

𝐶𝐶(𝜃𝜃) = 1 − F (𝜌𝜌, (𝜌̂𝜌(𝜃𝜃)) = 1 − (𝑇𝑇𝑟𝑟(√√𝜌𝜌𝜌̂𝜌(𝜃𝜃)√𝜌𝜌 ))

2

 

 

4.  Optimization Loop: Update the parameters 𝜃𝜃𝑡𝑡+1  using an 
optimization algorithm.  

𝜃𝜃𝑡𝑡+1 = 𝜃𝜃𝑡𝑡 − 𝜂𝜂∇𝜃𝜃𝐶𝐶(𝜃𝜃𝑡𝑡) 

Update the number of measurements 𝑀𝑀𝑡𝑡+1 if 𝐶𝐶(𝜃𝜃𝑡𝑡) is not 
minimized. 

5.  Measurement Overhead Reduction: The objective is to find 
the optimal 𝜃𝜃∗ and minimal 𝑀𝑀∗ such that: 
𝜃𝜃∗, 𝑀𝑀∗ = arg min 𝐶𝐶(𝜃𝜃)  𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑡𝑡𝑡𝑡 𝑀𝑀 ≤ 𝑀𝑀𝑡𝑡ℎ𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑜𝑜𝑜𝑜𝑜𝑜 

6.  Output: Return the optimized quantum state 𝜌̂𝜌(𝜃𝜃∗) and the 
corresponding measurement count 𝑀𝑀∗.  

C. Algorithm Analysis 
This algorithm outlines a Quantum Machine Learning 

(QML) approach to reduce measurement overhead in 
Quantum State Tomography (QST) by using a quantum 
variational circuit. The process begins with Initialization, 
where an initial set of parameters for the circuit is generated 
and the measurement count is set to The core idea is to train 
the variational circuit such that the resulting reconstructed 
state closely approximates the true quantum state. This 
training is governed by the Cost Function, which is designed 
to be minimized and is based on the fidelity, ideally aiming 
for the maximum fidelity of 1. The state is obtained after 
running the circuit and performing measurements. The 
Optimization Loop iteratively updates the circuit parameters 
using an optimization algorithm (like a gradient descent 
variant) to minimize the cost function, and is updated 
accordingly. Crucially, the Measurement Overhead 
Reduction step aims to find the optimal parameters and the 
minimal measurement count such that the reconstructed state 
achieves a sufficiently high fidelity. The algorithm's Output 
is the final, optimized reconstructed quantum state and the 
corresponding minimal measurement count, representing the 
most efficient reconstruction achieved. 

IV. INITIAL IMPLEMENTATION 
Mathematical Formula for Measurement Overhead 

Reduction  

Let: 
𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑏𝑏𝑏𝑏 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑄𝑄𝑄𝑄𝑄𝑄. 
𝑀𝑀𝑞𝑞𝑞𝑞𝑞𝑞 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑏𝑏𝑏𝑏 𝑄𝑄𝑄𝑄𝑄𝑄 − 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑄𝑄𝑄𝑄𝑄𝑄. 

𝑛𝑛 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞. 
𝑅𝑅𝑚𝑚 = 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝. 

The measurement reduction percentage 𝑅𝑅𝑚𝑚 can be defined as: 
𝑅𝑅𝑚𝑚 = (𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 − 𝑀𝑀𝑞𝑞𝑞𝑞𝑞𝑞

𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
) × 100 

Given that the number of measurements 𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 & 𝑀𝑀𝑞𝑞𝑞𝑞𝑞𝑞 might 
depend on the number of qubits 𝑛𝑛, We can express these as 
functions of 𝑛𝑛: 

𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝑛𝑛) = 𝑎𝑎. 2𝑛𝑛  
𝑀𝑀𝑞𝑞𝑞𝑞𝑞𝑞(𝑛𝑛) = 𝑏𝑏. 𝑛𝑛𝑘𝑘 

where 𝑎𝑎, 𝑏𝑏, 𝑎𝑎𝑎𝑎𝑎𝑎 𝑘𝑘 , these are constants that could be 
determined experimentally. 
Substituting these into the measurement reduction percentage 
formula: 

𝑅𝑅𝑚𝑚(𝑛𝑛) = (𝑎𝑎. 2𝑛𝑛 − 𝑏𝑏. 𝑛𝑛𝑘𝑘

𝑎𝑎. 2𝑛𝑛 ) × 100 
This formula quantifies the percentage reduction in 

measurement overhead for the QML-based QST method 
compared to the conventional method, with respect to the 
number of qubits 𝑛𝑛. 

Figure 1: Proposed Architecture Design

This architecture describes a hybrid quantum–classical workflow for Quantum State Tomography (QST) using a 
Variational Quantum Algorithm (VQA). The process begins with input quantum states generated either on real quantum 
hardware or through simulators. These states are passed into a quantum variational circuit whose trainable parameters 
are tuned by a classical optimizer. The circuit executes measurements on the input states in a measurement process, 
producing statistical data that captures partial information about the quantum state. This measurement data is then 
sent to a classical post-processing module, where machine learning or numerical optimization techniques reconstruct 
the underlying quantum state. A fidelity evaluation stage compares the reconstructed state with the true state to 
quantify reconstruction accuracy. The fidelity score is fed back to the optimizer, forming a closed feedback loop that 
iteratively adjusts the circuit parameters to achieve accurate reconstruction while reducing measurement overhead. 
This architecture integrates quantum resistivity with classical computational efficiency to perform scalable and adaptive 
quantum state tomography.
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Proposed Algorithm 
Algorithm 1: Algorithm for Reducing measuremnt overhead in QST 
Let ρ represent the quantum state to be reconstructed, and ρ ̂ represent the reconstructed state.
The goal is to minimize the discrepancy between ρ and ρ ̂ while minimizing the number of measurements M

Initialization
Generate an initial set of parameters θ0 for the quantum variational circuit U(θ).
Set the initial measurement count M0.

Quantum Variational Circuit 
Total Task objective:  ρ ̂(θ)=U(θ) ρU(θ)

Cost Function (Fidelity)
The cost function C(θ)  to be minimized is based on the fidelity F (ρ, (ρ ̂(θ))):
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3.   Cost Function (Fidelity):  

The cost function 𝐶𝐶(𝜃𝜃)  to be minimized is based on the fidelity 
F (𝜌𝜌, (𝜌̂𝜌(𝜃𝜃))): 

𝐶𝐶(𝜃𝜃) = 1 − F (𝜌𝜌, (𝜌̂𝜌(𝜃𝜃)) = 1 − (𝑇𝑇𝑟𝑟(√√𝜌𝜌𝜌̂𝜌(𝜃𝜃)√𝜌𝜌 ))

2

 

 

4.  Optimization Loop: Update the parameters 𝜃𝜃𝑡𝑡+1  using an 
optimization algorithm.  

𝜃𝜃𝑡𝑡+1 = 𝜃𝜃𝑡𝑡 − 𝜂𝜂∇𝜃𝜃𝐶𝐶(𝜃𝜃𝑡𝑡) 

Update the number of measurements 𝑀𝑀𝑡𝑡+1 if 𝐶𝐶(𝜃𝜃𝑡𝑡) is not 
minimized. 

5.  Measurement Overhead Reduction: The objective is to find 
the optimal 𝜃𝜃∗ and minimal 𝑀𝑀∗ such that: 
𝜃𝜃∗, 𝑀𝑀∗ = arg min 𝐶𝐶(𝜃𝜃)  𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑡𝑡𝑡𝑡 𝑀𝑀 ≤ 𝑀𝑀𝑡𝑡ℎ𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑜𝑜𝑜𝑜𝑜𝑜 

6.  Output: Return the optimized quantum state 𝜌̂𝜌(𝜃𝜃∗) and the 
corresponding measurement count 𝑀𝑀∗.  

C. Algorithm Analysis 
This algorithm outlines a Quantum Machine Learning 

(QML) approach to reduce measurement overhead in 
Quantum State Tomography (QST) by using a quantum 
variational circuit. The process begins with Initialization, 
where an initial set of parameters for the circuit is generated 
and the measurement count is set to The core idea is to train 
the variational circuit such that the resulting reconstructed 
state closely approximates the true quantum state. This 
training is governed by the Cost Function, which is designed 
to be minimized and is based on the fidelity, ideally aiming 
for the maximum fidelity of 1. The state is obtained after 
running the circuit and performing measurements. The 
Optimization Loop iteratively updates the circuit parameters 
using an optimization algorithm (like a gradient descent 
variant) to minimize the cost function, and is updated 
accordingly. Crucially, the Measurement Overhead 
Reduction step aims to find the optimal parameters and the 
minimal measurement count such that the reconstructed state 
achieves a sufficiently high fidelity. The algorithm's Output 
is the final, optimized reconstructed quantum state and the 
corresponding minimal measurement count, representing the 
most efficient reconstruction achieved. 

IV. INITIAL IMPLEMENTATION 
Mathematical Formula for Measurement Overhead 

Reduction  

Let: 
𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑏𝑏𝑏𝑏 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑄𝑄𝑄𝑄𝑄𝑄. 
𝑀𝑀𝑞𝑞𝑞𝑞𝑞𝑞 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑏𝑏𝑏𝑏 𝑄𝑄𝑄𝑄𝑄𝑄 − 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑄𝑄𝑄𝑄𝑄𝑄. 

𝑛𝑛 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞. 
𝑅𝑅𝑚𝑚 = 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝. 

The measurement reduction percentage 𝑅𝑅𝑚𝑚 can be defined as: 
𝑅𝑅𝑚𝑚 = (𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 − 𝑀𝑀𝑞𝑞𝑞𝑞𝑞𝑞

𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
) × 100 

Given that the number of measurements 𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 & 𝑀𝑀𝑞𝑞𝑞𝑞𝑞𝑞 might 
depend on the number of qubits 𝑛𝑛, We can express these as 
functions of 𝑛𝑛: 

𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝑛𝑛) = 𝑎𝑎. 2𝑛𝑛  
𝑀𝑀𝑞𝑞𝑞𝑞𝑞𝑞(𝑛𝑛) = 𝑏𝑏. 𝑛𝑛𝑘𝑘 

where 𝑎𝑎, 𝑏𝑏, 𝑎𝑎𝑎𝑎𝑎𝑎 𝑘𝑘 , these are constants that could be 
determined experimentally. 
Substituting these into the measurement reduction percentage 
formula: 

𝑅𝑅𝑚𝑚(𝑛𝑛) = (𝑎𝑎. 2𝑛𝑛 − 𝑏𝑏. 𝑛𝑛𝑘𝑘

𝑎𝑎. 2𝑛𝑛 ) × 100 
This formula quantifies the percentage reduction in 

measurement overhead for the QML-based QST method 
compared to the conventional method, with respect to the 
number of qubits 𝑛𝑛. 

Optimization Loop
Update the parameters θ_(t+1) using an optimization algorithm. 
                                                                       

 
Fig 1. Proposed Architecture Design 

This architecture describes a hybrid quantum–classical 
workflow for Quantum State Tomography (QST) using a 
Variational Quantum Algorithm (VQA). The process begins 
with input quantum states generated either on real quantum 
hardware or through simulators. These states are passed into 
a quantum variational circuit whose trainable parameters are 
tuned by a classical optimizer. The circuit executes 
measurements on the input states in a measurement process, 
producing statistical data that captures partial information 
about the quantum state. This measurement data is then sent 
to a classical post-processing module, where machine 
learning or numerical optimization techniques reconstruct the 
underlying quantum state. A fidelity evaluation stage 
compares the reconstructed state with the true state to 
quantify reconstruction accuracy. The fidelity score is fed 
back to the optimizer, forming a closed feedback loop that 
iteratively adjusts the circuit parameters to achieve accurate 
reconstruction while reducing measurement overhead. This 
architecture integrates quantum resistivity with classical 
computational efficiency to perform scalable and adaptive 
quantum state tomography. 

B. Proposed Algorithm  
Algorithm 1: Algorithm for Reducing measuremnt overhead in 

QST  

Let 𝜌𝜌 represent the quantum state to be reconstructed, and 𝜌̂𝜌 
represent the reconstructed state. 

The goal is to minimize the discrepancy between 𝜌𝜌 and 𝜌̂𝜌 while 
minimizing the number of measurements 𝑀𝑀 

1.  Initialization:  

Generate an initial set of parameters 𝜃𝜃0  for the quantum 
variational circuit 𝑈𝑈(𝜃𝜃). 

Set the initial measurement count 𝑀𝑀0. 
2.  Quantum Variational Circuit:  

Total Task objective:  𝜌̂𝜌(𝜃𝜃) = 𝑈𝑈(𝜃𝜃) 𝜌𝜌𝜌𝜌(𝜃𝜃) 

3.   Cost Function (Fidelity):  

The cost function 𝐶𝐶(𝜃𝜃)  to be minimized is based on the fidelity 
F (𝜌𝜌, (𝜌̂𝜌(𝜃𝜃))): 

𝐶𝐶(𝜃𝜃) = 1 − F (𝜌𝜌, (𝜌̂𝜌(𝜃𝜃)) = 1 − (𝑇𝑇𝑟𝑟(√√𝜌𝜌𝜌̂𝜌(𝜃𝜃)√𝜌𝜌 ))

2

 

 

4.  Optimization Loop: Update the parameters 𝜃𝜃𝑡𝑡+1  using an 
optimization algorithm.  

𝜃𝜃𝑡𝑡+1 = 𝜃𝜃𝑡𝑡 − 𝜂𝜂∇𝜃𝜃𝐶𝐶(𝜃𝜃𝑡𝑡) 

Update the number of measurements 𝑀𝑀𝑡𝑡+1 if 𝐶𝐶(𝜃𝜃𝑡𝑡) is not 
minimized. 

5.  Measurement Overhead Reduction: The objective is to find 
the optimal 𝜃𝜃∗ and minimal 𝑀𝑀∗ such that: 
𝜃𝜃∗, 𝑀𝑀∗ = arg min 𝐶𝐶(𝜃𝜃)  𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑡𝑡𝑡𝑡 𝑀𝑀 ≤ 𝑀𝑀𝑡𝑡ℎ𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑜𝑜𝑜𝑜𝑜𝑜 

6.  Output: Return the optimized quantum state 𝜌̂𝜌(𝜃𝜃∗) and the 
corresponding measurement count 𝑀𝑀∗.  

C. Algorithm Analysis 
This algorithm outlines a Quantum Machine Learning 

(QML) approach to reduce measurement overhead in 
Quantum State Tomography (QST) by using a quantum 
variational circuit. The process begins with Initialization, 
where an initial set of parameters for the circuit is generated 
and the measurement count is set to The core idea is to train 
the variational circuit such that the resulting reconstructed 
state closely approximates the true quantum state. This 
training is governed by the Cost Function, which is designed 
to be minimized and is based on the fidelity, ideally aiming 
for the maximum fidelity of 1. The state is obtained after 
running the circuit and performing measurements. The 
Optimization Loop iteratively updates the circuit parameters 
using an optimization algorithm (like a gradient descent 
variant) to minimize the cost function, and is updated 
accordingly. Crucially, the Measurement Overhead 
Reduction step aims to find the optimal parameters and the 
minimal measurement count such that the reconstructed state 
achieves a sufficiently high fidelity. The algorithm's Output 
is the final, optimized reconstructed quantum state and the 
corresponding minimal measurement count, representing the 
most efficient reconstruction achieved. 

IV. INITIAL IMPLEMENTATION 
Mathematical Formula for Measurement Overhead 

Reduction  

Let: 
𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑏𝑏𝑏𝑏 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑄𝑄𝑄𝑄𝑄𝑄. 
𝑀𝑀𝑞𝑞𝑞𝑞𝑞𝑞 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑏𝑏𝑏𝑏 𝑄𝑄𝑄𝑄𝑄𝑄 − 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑄𝑄𝑄𝑄𝑄𝑄. 

𝑛𝑛 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞. 
𝑅𝑅𝑚𝑚 = 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝. 

The measurement reduction percentage 𝑅𝑅𝑚𝑚 can be defined as: 
𝑅𝑅𝑚𝑚 = (𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 − 𝑀𝑀𝑞𝑞𝑞𝑞𝑞𝑞

𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
) × 100 

Given that the number of measurements 𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 & 𝑀𝑀𝑞𝑞𝑞𝑞𝑞𝑞 might 
depend on the number of qubits 𝑛𝑛, We can express these as 
functions of 𝑛𝑛: 

𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝑛𝑛) = 𝑎𝑎. 2𝑛𝑛  
𝑀𝑀𝑞𝑞𝑞𝑞𝑞𝑞(𝑛𝑛) = 𝑏𝑏. 𝑛𝑛𝑘𝑘 

where 𝑎𝑎, 𝑏𝑏, 𝑎𝑎𝑎𝑎𝑎𝑎 𝑘𝑘 , these are constants that could be 
determined experimentally. 
Substituting these into the measurement reduction percentage 
formula: 

𝑅𝑅𝑚𝑚(𝑛𝑛) = (𝑎𝑎. 2𝑛𝑛 − 𝑏𝑏. 𝑛𝑛𝑘𝑘

𝑎𝑎. 2𝑛𝑛 ) × 100 
This formula quantifies the percentage reduction in 

measurement overhead for the QML-based QST method 
compared to the conventional method, with respect to the 
number of qubits 𝑛𝑛. 

Update the number of measurements Mt+1if C(θt) is not minimized.

Measurement Overhead Reduction
The objective is to find the optimal θ* and minimal M* such that:

                                                

 
Fig 1. Proposed Architecture Design 

This architecture describes a hybrid quantum–classical 
workflow for Quantum State Tomography (QST) using a 
Variational Quantum Algorithm (VQA). The process begins 
with input quantum states generated either on real quantum 
hardware or through simulators. These states are passed into 
a quantum variational circuit whose trainable parameters are 
tuned by a classical optimizer. The circuit executes 
measurements on the input states in a measurement process, 
producing statistical data that captures partial information 
about the quantum state. This measurement data is then sent 
to a classical post-processing module, where machine 
learning or numerical optimization techniques reconstruct the 
underlying quantum state. A fidelity evaluation stage 
compares the reconstructed state with the true state to 
quantify reconstruction accuracy. The fidelity score is fed 
back to the optimizer, forming a closed feedback loop that 
iteratively adjusts the circuit parameters to achieve accurate 
reconstruction while reducing measurement overhead. This 
architecture integrates quantum resistivity with classical 
computational efficiency to perform scalable and adaptive 
quantum state tomography. 

B. Proposed Algorithm  
Algorithm 1: Algorithm for Reducing measuremnt overhead in 

QST  

Let 𝜌𝜌 represent the quantum state to be reconstructed, and 𝜌̂𝜌 
represent the reconstructed state. 

The goal is to minimize the discrepancy between 𝜌𝜌 and 𝜌̂𝜌 while 
minimizing the number of measurements 𝑀𝑀 

1.  Initialization:  

Generate an initial set of parameters 𝜃𝜃0  for the quantum 
variational circuit 𝑈𝑈(𝜃𝜃). 

Set the initial measurement count 𝑀𝑀0. 
2.  Quantum Variational Circuit:  

Total Task objective:  𝜌̂𝜌(𝜃𝜃) = 𝑈𝑈(𝜃𝜃) 𝜌𝜌𝜌𝜌(𝜃𝜃) 

3.   Cost Function (Fidelity):  

The cost function 𝐶𝐶(𝜃𝜃)  to be minimized is based on the fidelity 
F (𝜌𝜌, (𝜌̂𝜌(𝜃𝜃))): 

𝐶𝐶(𝜃𝜃) = 1 − F (𝜌𝜌, (𝜌̂𝜌(𝜃𝜃)) = 1 − (𝑇𝑇𝑟𝑟(√√𝜌𝜌𝜌̂𝜌(𝜃𝜃)√𝜌𝜌 ))
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4.  Optimization Loop: Update the parameters 𝜃𝜃𝑡𝑡+1  using an 
optimization algorithm.  

𝜃𝜃𝑡𝑡+1 = 𝜃𝜃𝑡𝑡 − 𝜂𝜂∇𝜃𝜃𝐶𝐶(𝜃𝜃𝑡𝑡) 

Update the number of measurements 𝑀𝑀𝑡𝑡+1 if 𝐶𝐶(𝜃𝜃𝑡𝑡) is not 
minimized. 

5.  Measurement Overhead Reduction: The objective is to find 
the optimal 𝜃𝜃∗ and minimal 𝑀𝑀∗ such that: 
𝜃𝜃∗, 𝑀𝑀∗ = arg min 𝐶𝐶(𝜃𝜃)  𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑡𝑡𝑡𝑡 𝑀𝑀 ≤ 𝑀𝑀𝑡𝑡ℎ𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑜𝑜𝑜𝑜𝑜𝑜 

6.  Output: Return the optimized quantum state 𝜌̂𝜌(𝜃𝜃∗) and the 
corresponding measurement count 𝑀𝑀∗.  

C. Algorithm Analysis 
This algorithm outlines a Quantum Machine Learning 

(QML) approach to reduce measurement overhead in 
Quantum State Tomography (QST) by using a quantum 
variational circuit. The process begins with Initialization, 
where an initial set of parameters for the circuit is generated 
and the measurement count is set to The core idea is to train 
the variational circuit such that the resulting reconstructed 
state closely approximates the true quantum state. This 
training is governed by the Cost Function, which is designed 
to be minimized and is based on the fidelity, ideally aiming 
for the maximum fidelity of 1. The state is obtained after 
running the circuit and performing measurements. The 
Optimization Loop iteratively updates the circuit parameters 
using an optimization algorithm (like a gradient descent 
variant) to minimize the cost function, and is updated 
accordingly. Crucially, the Measurement Overhead 
Reduction step aims to find the optimal parameters and the 
minimal measurement count such that the reconstructed state 
achieves a sufficiently high fidelity. The algorithm's Output 
is the final, optimized reconstructed quantum state and the 
corresponding minimal measurement count, representing the 
most efficient reconstruction achieved. 

IV. INITIAL IMPLEMENTATION 
Mathematical Formula for Measurement Overhead 

Reduction  

Let: 
𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑏𝑏𝑏𝑏 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑄𝑄𝑄𝑄𝑄𝑄. 
𝑀𝑀𝑞𝑞𝑞𝑞𝑞𝑞 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑏𝑏𝑏𝑏 𝑄𝑄𝑄𝑄𝑄𝑄 − 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑄𝑄𝑄𝑄𝑄𝑄. 

𝑛𝑛 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞. 
𝑅𝑅𝑚𝑚 = 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝. 

The measurement reduction percentage 𝑅𝑅𝑚𝑚 can be defined as: 
𝑅𝑅𝑚𝑚 = (𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 − 𝑀𝑀𝑞𝑞𝑞𝑞𝑞𝑞

𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
) × 100 

Given that the number of measurements 𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 & 𝑀𝑀𝑞𝑞𝑞𝑞𝑞𝑞 might 
depend on the number of qubits 𝑛𝑛, We can express these as 
functions of 𝑛𝑛: 

𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝑛𝑛) = 𝑎𝑎. 2𝑛𝑛  
𝑀𝑀𝑞𝑞𝑞𝑞𝑞𝑞(𝑛𝑛) = 𝑏𝑏. 𝑛𝑛𝑘𝑘 

where 𝑎𝑎, 𝑏𝑏, 𝑎𝑎𝑎𝑎𝑎𝑎 𝑘𝑘 , these are constants that could be 
determined experimentally. 
Substituting these into the measurement reduction percentage 
formula: 

𝑅𝑅𝑚𝑚(𝑛𝑛) = (𝑎𝑎. 2𝑛𝑛 − 𝑏𝑏. 𝑛𝑛𝑘𝑘

𝑎𝑎. 2𝑛𝑛 ) × 100 
This formula quantifies the percentage reduction in 

measurement overhead for the QML-based QST method 
compared to the conventional method, with respect to the 
number of qubits 𝑛𝑛. 

Output
Return the optimized quantum state ρ ̂(θ* ) and the corresponding measurement count M*. 

Algorithm Analysis
This algorithm outlines a Quantum Machine Learning (QML) approach to reduce measurement overhead in Quantum 
State Tomography (QST) by using a quantum variational circuit. The process begins with Initialization, where an initial 
set of parameters for the circuit is generated and the measurement count is set to the core idea is to train the variational 
circuit such that the resulting reconstructed state closely approximates the true quantum state. This training is governed 
by the Cost Function, which is designed to be minimized and is based on the fidelity, ideally aiming for the maximum 
fidelity of 1. The state is obtained after running the circuit and performing measurements. The Optimization Loop 
iteratively updates the circuit parameters using an optimization algorithm (like a gradient descent variant) to minimize 
the cost function, and is updated accordingly. Crucially, the Measurement Overhead Reduction step aims to find the 
optimal parameters and the minimal measurement count such that the reconstructed state achieves a sufficiently high 
fidelity. The algorithm’s Output is the final, optimized reconstructed quantum state and the corresponding minimal 
measurement count, representing the most efficient reconstruction achieved.

Initial Implementation
Mathematical Formula for Measurement Overhead Reduction 
Let:

                                              

 
Fig 1. Proposed Architecture Design 

This architecture describes a hybrid quantum–classical 
workflow for Quantum State Tomography (QST) using a 
Variational Quantum Algorithm (VQA). The process begins 
with input quantum states generated either on real quantum 
hardware or through simulators. These states are passed into 
a quantum variational circuit whose trainable parameters are 
tuned by a classical optimizer. The circuit executes 
measurements on the input states in a measurement process, 
producing statistical data that captures partial information 
about the quantum state. This measurement data is then sent 
to a classical post-processing module, where machine 
learning or numerical optimization techniques reconstruct the 
underlying quantum state. A fidelity evaluation stage 
compares the reconstructed state with the true state to 
quantify reconstruction accuracy. The fidelity score is fed 
back to the optimizer, forming a closed feedback loop that 
iteratively adjusts the circuit parameters to achieve accurate 
reconstruction while reducing measurement overhead. This 
architecture integrates quantum resistivity with classical 
computational efficiency to perform scalable and adaptive 
quantum state tomography. 

B. Proposed Algorithm  
Algorithm 1: Algorithm for Reducing measuremnt overhead in 

QST  

Let 𝜌𝜌 represent the quantum state to be reconstructed, and 𝜌̂𝜌 
represent the reconstructed state. 

The goal is to minimize the discrepancy between 𝜌𝜌 and 𝜌̂𝜌 while 
minimizing the number of measurements 𝑀𝑀 

1.  Initialization:  

Generate an initial set of parameters 𝜃𝜃0  for the quantum 
variational circuit 𝑈𝑈(𝜃𝜃). 

Set the initial measurement count 𝑀𝑀0. 
2.  Quantum Variational Circuit:  

Total Task objective:  𝜌̂𝜌(𝜃𝜃) = 𝑈𝑈(𝜃𝜃) 𝜌𝜌𝜌𝜌(𝜃𝜃) 

3.   Cost Function (Fidelity):  

The cost function 𝐶𝐶(𝜃𝜃)  to be minimized is based on the fidelity 
F (𝜌𝜌, (𝜌̂𝜌(𝜃𝜃))): 

𝐶𝐶(𝜃𝜃) = 1 − F (𝜌𝜌, (𝜌̂𝜌(𝜃𝜃)) = 1 − (𝑇𝑇𝑟𝑟(√√𝜌𝜌𝜌̂𝜌(𝜃𝜃)√𝜌𝜌 ))
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4.  Optimization Loop: Update the parameters 𝜃𝜃𝑡𝑡+1  using an 
optimization algorithm.  

𝜃𝜃𝑡𝑡+1 = 𝜃𝜃𝑡𝑡 − 𝜂𝜂∇𝜃𝜃𝐶𝐶(𝜃𝜃𝑡𝑡) 

Update the number of measurements 𝑀𝑀𝑡𝑡+1 if 𝐶𝐶(𝜃𝜃𝑡𝑡) is not 
minimized. 

5.  Measurement Overhead Reduction: The objective is to find 
the optimal 𝜃𝜃∗ and minimal 𝑀𝑀∗ such that: 
𝜃𝜃∗, 𝑀𝑀∗ = arg min 𝐶𝐶(𝜃𝜃)  𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑡𝑡𝑡𝑡 𝑀𝑀 ≤ 𝑀𝑀𝑡𝑡ℎ𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑜𝑜𝑜𝑜𝑜𝑜 

6.  Output: Return the optimized quantum state 𝜌̂𝜌(𝜃𝜃∗) and the 
corresponding measurement count 𝑀𝑀∗.  

C. Algorithm Analysis 
This algorithm outlines a Quantum Machine Learning 

(QML) approach to reduce measurement overhead in 
Quantum State Tomography (QST) by using a quantum 
variational circuit. The process begins with Initialization, 
where an initial set of parameters for the circuit is generated 
and the measurement count is set to The core idea is to train 
the variational circuit such that the resulting reconstructed 
state closely approximates the true quantum state. This 
training is governed by the Cost Function, which is designed 
to be minimized and is based on the fidelity, ideally aiming 
for the maximum fidelity of 1. The state is obtained after 
running the circuit and performing measurements. The 
Optimization Loop iteratively updates the circuit parameters 
using an optimization algorithm (like a gradient descent 
variant) to minimize the cost function, and is updated 
accordingly. Crucially, the Measurement Overhead 
Reduction step aims to find the optimal parameters and the 
minimal measurement count such that the reconstructed state 
achieves a sufficiently high fidelity. The algorithm's Output 
is the final, optimized reconstructed quantum state and the 
corresponding minimal measurement count, representing the 
most efficient reconstruction achieved. 

IV. INITIAL IMPLEMENTATION 
Mathematical Formula for Measurement Overhead 

Reduction  

Let: 
𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑏𝑏𝑏𝑏 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑄𝑄𝑄𝑄𝑄𝑄. 
𝑀𝑀𝑞𝑞𝑞𝑞𝑞𝑞 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑏𝑏𝑏𝑏 𝑄𝑄𝑄𝑄𝑄𝑄 − 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑄𝑄𝑄𝑄𝑄𝑄. 

𝑛𝑛 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞. 
𝑅𝑅𝑚𝑚 = 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝. 

The measurement reduction percentage 𝑅𝑅𝑚𝑚 can be defined as: 
𝑅𝑅𝑚𝑚 = (𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 − 𝑀𝑀𝑞𝑞𝑞𝑞𝑞𝑞

𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
) × 100 

Given that the number of measurements 𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 & 𝑀𝑀𝑞𝑞𝑞𝑞𝑞𝑞 might 
depend on the number of qubits 𝑛𝑛, We can express these as 
functions of 𝑛𝑛: 

𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝑛𝑛) = 𝑎𝑎. 2𝑛𝑛  
𝑀𝑀𝑞𝑞𝑞𝑞𝑞𝑞(𝑛𝑛) = 𝑏𝑏. 𝑛𝑛𝑘𝑘 

where 𝑎𝑎, 𝑏𝑏, 𝑎𝑎𝑎𝑎𝑎𝑎 𝑘𝑘 , these are constants that could be 
determined experimentally. 
Substituting these into the measurement reduction percentage 
formula: 

𝑅𝑅𝑚𝑚(𝑛𝑛) = (𝑎𝑎. 2𝑛𝑛 − 𝑏𝑏. 𝑛𝑛𝑘𝑘

𝑎𝑎. 2𝑛𝑛 ) × 100 
This formula quantifies the percentage reduction in 

measurement overhead for the QML-based QST method 
compared to the conventional method, with respect to the 
number of qubits 𝑛𝑛. 

The measurement reduction percentage Rm can be defined as:

                                                                   

 
Fig 1. Proposed Architecture Design 

This architecture describes a hybrid quantum–classical 
workflow for Quantum State Tomography (QST) using a 
Variational Quantum Algorithm (VQA). The process begins 
with input quantum states generated either on real quantum 
hardware or through simulators. These states are passed into 
a quantum variational circuit whose trainable parameters are 
tuned by a classical optimizer. The circuit executes 
measurements on the input states in a measurement process, 
producing statistical data that captures partial information 
about the quantum state. This measurement data is then sent 
to a classical post-processing module, where machine 
learning or numerical optimization techniques reconstruct the 
underlying quantum state. A fidelity evaluation stage 
compares the reconstructed state with the true state to 
quantify reconstruction accuracy. The fidelity score is fed 
back to the optimizer, forming a closed feedback loop that 
iteratively adjusts the circuit parameters to achieve accurate 
reconstruction while reducing measurement overhead. This 
architecture integrates quantum resistivity with classical 
computational efficiency to perform scalable and adaptive 
quantum state tomography. 

B. Proposed Algorithm  
Algorithm 1: Algorithm for Reducing measuremnt overhead in 

QST  

Let 𝜌𝜌 represent the quantum state to be reconstructed, and 𝜌̂𝜌 
represent the reconstructed state. 

The goal is to minimize the discrepancy between 𝜌𝜌 and 𝜌̂𝜌 while 
minimizing the number of measurements 𝑀𝑀 

1.  Initialization:  

Generate an initial set of parameters 𝜃𝜃0  for the quantum 
variational circuit 𝑈𝑈(𝜃𝜃). 

Set the initial measurement count 𝑀𝑀0. 
2.  Quantum Variational Circuit:  

Total Task objective:  𝜌̂𝜌(𝜃𝜃) = 𝑈𝑈(𝜃𝜃) 𝜌𝜌𝜌𝜌(𝜃𝜃) 

3.   Cost Function (Fidelity):  

The cost function 𝐶𝐶(𝜃𝜃)  to be minimized is based on the fidelity 
F (𝜌𝜌, (𝜌̂𝜌(𝜃𝜃))): 

𝐶𝐶(𝜃𝜃) = 1 − F (𝜌𝜌, (𝜌̂𝜌(𝜃𝜃)) = 1 − (𝑇𝑇𝑟𝑟(√√𝜌𝜌𝜌̂𝜌(𝜃𝜃)√𝜌𝜌 ))

2

 

 

4.  Optimization Loop: Update the parameters 𝜃𝜃𝑡𝑡+1  using an 
optimization algorithm.  

𝜃𝜃𝑡𝑡+1 = 𝜃𝜃𝑡𝑡 − 𝜂𝜂∇𝜃𝜃𝐶𝐶(𝜃𝜃𝑡𝑡) 

Update the number of measurements 𝑀𝑀𝑡𝑡+1 if 𝐶𝐶(𝜃𝜃𝑡𝑡) is not 
minimized. 

5.  Measurement Overhead Reduction: The objective is to find 
the optimal 𝜃𝜃∗ and minimal 𝑀𝑀∗ such that: 
𝜃𝜃∗, 𝑀𝑀∗ = arg min 𝐶𝐶(𝜃𝜃)  𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑡𝑡𝑡𝑡 𝑀𝑀 ≤ 𝑀𝑀𝑡𝑡ℎ𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑜𝑜𝑜𝑜𝑜𝑜 

6.  Output: Return the optimized quantum state 𝜌̂𝜌(𝜃𝜃∗) and the 
corresponding measurement count 𝑀𝑀∗.  

C. Algorithm Analysis 
This algorithm outlines a Quantum Machine Learning 

(QML) approach to reduce measurement overhead in 
Quantum State Tomography (QST) by using a quantum 
variational circuit. The process begins with Initialization, 
where an initial set of parameters for the circuit is generated 
and the measurement count is set to The core idea is to train 
the variational circuit such that the resulting reconstructed 
state closely approximates the true quantum state. This 
training is governed by the Cost Function, which is designed 
to be minimized and is based on the fidelity, ideally aiming 
for the maximum fidelity of 1. The state is obtained after 
running the circuit and performing measurements. The 
Optimization Loop iteratively updates the circuit parameters 
using an optimization algorithm (like a gradient descent 
variant) to minimize the cost function, and is updated 
accordingly. Crucially, the Measurement Overhead 
Reduction step aims to find the optimal parameters and the 
minimal measurement count such that the reconstructed state 
achieves a sufficiently high fidelity. The algorithm's Output 
is the final, optimized reconstructed quantum state and the 
corresponding minimal measurement count, representing the 
most efficient reconstruction achieved. 

IV. INITIAL IMPLEMENTATION 
Mathematical Formula for Measurement Overhead 

Reduction  

Let: 
𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑏𝑏𝑏𝑏 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑄𝑄𝑄𝑄𝑄𝑄. 
𝑀𝑀𝑞𝑞𝑞𝑞𝑞𝑞 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑏𝑏𝑏𝑏 𝑄𝑄𝑄𝑄𝑄𝑄 − 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑄𝑄𝑄𝑄𝑄𝑄. 

𝑛𝑛 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞. 
𝑅𝑅𝑚𝑚 = 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝. 

The measurement reduction percentage 𝑅𝑅𝑚𝑚 can be defined as: 
𝑅𝑅𝑚𝑚 = (𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 − 𝑀𝑀𝑞𝑞𝑞𝑞𝑞𝑞

𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
) × 100 

Given that the number of measurements 𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 & 𝑀𝑀𝑞𝑞𝑞𝑞𝑞𝑞 might 
depend on the number of qubits 𝑛𝑛, We can express these as 
functions of 𝑛𝑛: 

𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝑛𝑛) = 𝑎𝑎. 2𝑛𝑛  
𝑀𝑀𝑞𝑞𝑞𝑞𝑞𝑞(𝑛𝑛) = 𝑏𝑏. 𝑛𝑛𝑘𝑘 

where 𝑎𝑎, 𝑏𝑏, 𝑎𝑎𝑎𝑎𝑎𝑎 𝑘𝑘 , these are constants that could be 
determined experimentally. 
Substituting these into the measurement reduction percentage 
formula: 

𝑅𝑅𝑚𝑚(𝑛𝑛) = (𝑎𝑎. 2𝑛𝑛 − 𝑏𝑏. 𝑛𝑛𝑘𝑘

𝑎𝑎. 2𝑛𝑛 ) × 100 
This formula quantifies the percentage reduction in 

measurement overhead for the QML-based QST method 
compared to the conventional method, with respect to the 
number of qubits 𝑛𝑛. 

Given that the number of measurements Mconv& Mqml might depend on the number of qubits n, We can express these as 
functions of n:
                                                                         Mconv (n)=a.2n

                                                                         Mqml (n)=b.nk

where a,b,and k, these are constants that could be determined experimentally.
Substituting these into the measurement reduction percentage formula:
    

                                                                     

 
Fig 1. Proposed Architecture Design 

This architecture describes a hybrid quantum–classical 
workflow for Quantum State Tomography (QST) using a 
Variational Quantum Algorithm (VQA). The process begins 
with input quantum states generated either on real quantum 
hardware or through simulators. These states are passed into 
a quantum variational circuit whose trainable parameters are 
tuned by a classical optimizer. The circuit executes 
measurements on the input states in a measurement process, 
producing statistical data that captures partial information 
about the quantum state. This measurement data is then sent 
to a classical post-processing module, where machine 
learning or numerical optimization techniques reconstruct the 
underlying quantum state. A fidelity evaluation stage 
compares the reconstructed state with the true state to 
quantify reconstruction accuracy. The fidelity score is fed 
back to the optimizer, forming a closed feedback loop that 
iteratively adjusts the circuit parameters to achieve accurate 
reconstruction while reducing measurement overhead. This 
architecture integrates quantum resistivity with classical 
computational efficiency to perform scalable and adaptive 
quantum state tomography. 

B. Proposed Algorithm  
Algorithm 1: Algorithm for Reducing measuremnt overhead in 

QST  

Let 𝜌𝜌 represent the quantum state to be reconstructed, and 𝜌̂𝜌 
represent the reconstructed state. 

The goal is to minimize the discrepancy between 𝜌𝜌 and 𝜌̂𝜌 while 
minimizing the number of measurements 𝑀𝑀 

1.  Initialization:  

Generate an initial set of parameters 𝜃𝜃0  for the quantum 
variational circuit 𝑈𝑈(𝜃𝜃). 

Set the initial measurement count 𝑀𝑀0. 
2.  Quantum Variational Circuit:  

Total Task objective:  𝜌̂𝜌(𝜃𝜃) = 𝑈𝑈(𝜃𝜃) 𝜌𝜌𝜌𝜌(𝜃𝜃) 

3.   Cost Function (Fidelity):  

The cost function 𝐶𝐶(𝜃𝜃)  to be minimized is based on the fidelity 
F (𝜌𝜌, (𝜌̂𝜌(𝜃𝜃))): 

𝐶𝐶(𝜃𝜃) = 1 − F (𝜌𝜌, (𝜌̂𝜌(𝜃𝜃)) = 1 − (𝑇𝑇𝑟𝑟(√√𝜌𝜌𝜌̂𝜌(𝜃𝜃)√𝜌𝜌 ))

2

 

 

4.  Optimization Loop: Update the parameters 𝜃𝜃𝑡𝑡+1  using an 
optimization algorithm.  

𝜃𝜃𝑡𝑡+1 = 𝜃𝜃𝑡𝑡 − 𝜂𝜂∇𝜃𝜃𝐶𝐶(𝜃𝜃𝑡𝑡) 

Update the number of measurements 𝑀𝑀𝑡𝑡+1 if 𝐶𝐶(𝜃𝜃𝑡𝑡) is not 
minimized. 

5.  Measurement Overhead Reduction: The objective is to find 
the optimal 𝜃𝜃∗ and minimal 𝑀𝑀∗ such that: 
𝜃𝜃∗, 𝑀𝑀∗ = arg min 𝐶𝐶(𝜃𝜃)  𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑡𝑡𝑡𝑡 𝑀𝑀 ≤ 𝑀𝑀𝑡𝑡ℎ𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑜𝑜𝑜𝑜𝑜𝑜 

6.  Output: Return the optimized quantum state 𝜌̂𝜌(𝜃𝜃∗) and the 
corresponding measurement count 𝑀𝑀∗.  

C. Algorithm Analysis 
This algorithm outlines a Quantum Machine Learning 

(QML) approach to reduce measurement overhead in 
Quantum State Tomography (QST) by using a quantum 
variational circuit. The process begins with Initialization, 
where an initial set of parameters for the circuit is generated 
and the measurement count is set to The core idea is to train 
the variational circuit such that the resulting reconstructed 
state closely approximates the true quantum state. This 
training is governed by the Cost Function, which is designed 
to be minimized and is based on the fidelity, ideally aiming 
for the maximum fidelity of 1. The state is obtained after 
running the circuit and performing measurements. The 
Optimization Loop iteratively updates the circuit parameters 
using an optimization algorithm (like a gradient descent 
variant) to minimize the cost function, and is updated 
accordingly. Crucially, the Measurement Overhead 
Reduction step aims to find the optimal parameters and the 
minimal measurement count such that the reconstructed state 
achieves a sufficiently high fidelity. The algorithm's Output 
is the final, optimized reconstructed quantum state and the 
corresponding minimal measurement count, representing the 
most efficient reconstruction achieved. 

IV. INITIAL IMPLEMENTATION 
Mathematical Formula for Measurement Overhead 

Reduction  

Let: 
𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑏𝑏𝑏𝑏 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑄𝑄𝑄𝑄𝑄𝑄. 
𝑀𝑀𝑞𝑞𝑞𝑞𝑞𝑞 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑏𝑏𝑏𝑏 𝑄𝑄𝑄𝑄𝑄𝑄 − 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑄𝑄𝑄𝑄𝑄𝑄. 

𝑛𝑛 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞. 
𝑅𝑅𝑚𝑚 = 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝. 

The measurement reduction percentage 𝑅𝑅𝑚𝑚 can be defined as: 
𝑅𝑅𝑚𝑚 = (𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 − 𝑀𝑀𝑞𝑞𝑞𝑞𝑞𝑞

𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
) × 100 

Given that the number of measurements 𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 & 𝑀𝑀𝑞𝑞𝑞𝑞𝑞𝑞 might 
depend on the number of qubits 𝑛𝑛, We can express these as 
functions of 𝑛𝑛: 

𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝑛𝑛) = 𝑎𝑎. 2𝑛𝑛  
𝑀𝑀𝑞𝑞𝑞𝑞𝑞𝑞(𝑛𝑛) = 𝑏𝑏. 𝑛𝑛𝑘𝑘 

where 𝑎𝑎, 𝑏𝑏, 𝑎𝑎𝑎𝑎𝑎𝑎 𝑘𝑘 , these are constants that could be 
determined experimentally. 
Substituting these into the measurement reduction percentage 
formula: 

𝑅𝑅𝑚𝑚(𝑛𝑛) = (𝑎𝑎. 2𝑛𝑛 − 𝑏𝑏. 𝑛𝑛𝑘𝑘

𝑎𝑎. 2𝑛𝑛 ) × 100 
This formula quantifies the percentage reduction in 

measurement overhead for the QML-based QST method 
compared to the conventional method, with respect to the 
number of qubits 𝑛𝑛. 

This formula quantifies the percentage reduction in measurement overhead for the QML-based QST method compared 
to the conventional method, with respect to the number of qubits n.
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Fig 2. Proposed Architecture Design 

The circuit and code provided in OpenQASM 2.0 link 
directly to the research work on "Diminishing Measurement 
Overhead in Quantum State Tomography (QST) with 
Quantum Machine Learning (QML)" by illustrating the 
fundamental operations that are part of quantum computing 
and how they are used in Quantum State Tomography (QST).   

1. Quantum State Tomography (QST) 

QST is a process used to reconstruct the state of a 
quantum system by performing a series of measurements on 
qubits. The primary challenge in conventional QST is the 
requirement for many measurements to accurately 
reconstruct the quantum state, especially as the number of 
qubits increases.   

In the provided circuit: 

Quantum Gates: Operations like Hadamard (h), CNOT 
(cx), and rotations (rz, rx, ry) manipulate the quantum states 
of qubits, creating various superpositions and entanglements. 
These states are what QST aims to reconstruct. 

2. Quantum Machine Learning (QML) for QST 

The research proposes using QML to reduce the 
measurement overhead in QST. By leveraging patterns 
learned from smaller datasets, QML algorithms can predict 
and reconstruct quantum states with fewer measurements. 

The circuit prepares a quantum state using basic quantum 
gates, and this state is then subject to measurements. In 
conventional QST, you would need to apply many different 
configurations of gates and measure them to gather enough 
data for state reconstruction.  

In the research, QML models would take the 
measurement results from circuits like this and learn to 
predict the full quantum state with higher fidelity, even when 
fewer measurements are taken.  

3. Measurement Overhead 

One of the key metrics in the research is the reduction of 
the number of measurements required to accurately perform 
QST. The circuit code ends with measurement operations: 

Measurement Operations: measure q [0] -> c [0]; records 
the state of a qubit into a classical bit. In QST, these 

measurements would be repeated many times to gather 
statistical data about the quantum state. 

By integrating QML, fewer measurements might be 
needed, as the model can infer the quantum state from less 
data. This directly relates to the research's goal of reducing 
measurement overhead.  

4. Scalability and Complexity 

As the number of qubits increases, the complexity of the 
quantum state and the corresponding tomography grow 
exponentially. The provided circuit is an example of a small 
quantum system. The research extends this by showing that 
even as circuits grow more complex (with more qubits and 
gates), QML can still provide efficient QST, reducing 
computational resources and measurement requirements.  

5. Visualization and Analysis 

The visualization of circuits like the one in the code helps 
in understanding how qubits evolve through quantum 
operations and how QST can be applied. The provided Plotly 
visualizations of measurement reduction and computational 
efficiency support the research findings, demonstrating the 
practical impact of using QML for QST. 

In essence, the provided OpenQASM 2.0 circuit is a basic 
example of how quantum states are manipulated and 
measured, which forms the core of Quantum State 
Tomography. The research builds on this by proposing that 
Quantum Machine Learning can significantly enhance the 
efficiency of QST, making the process more scalable and 
reducing the measurement overhead, especially as quantum 
systems grow in complexity. The code and circuit are 
foundational elements that help illustrate the challenges and 
opportunities addressed in the research. Quantum Machine 
Learning can significantly enhance the efficiency of QST, 
making the process more scalable and reducing measurement 
overhead, especially as quantum systems become 
increasingly complex. The code and circuit are foundational 
elements that help illustrate the challenges and opportunities 
addressed in this research. 

V. RESULTS & DISCUSSION 

A. Experimental Results 
The results of this study demonstrate the efficacy of 

Quantum Machine Learning (QML) in reducing the 
measurement overhead in Quantum State Tomography 
(QST). The experiments were conducted on simulated 
quantum systems with varying numbers of qubits, using a 
quantum variational circuit optimized with QML techniques. 
The results were analyzed based on the fidelity of the 
reconstructed quantum states, the reduction in measurement 
overhead, and the scalability of the approach.  
TABLE II. Fidelity of Reconstructed Quantum States 

Number 
of 

Qubits 

Conventional 
QST Fidelity 

QML-
based 
QST 

Fidelity 

Percentage 
Improvement 

(%) 

2 0.980 0.990 1.02 

3 0.965 0.985 2.07 

4 0.950 0.975 2.63 

5 0.930 0.965 3.76 

6 0.910 0.950 4.40 

Figure 2: Proposed Architecture Design

The circuit and code provided in OpenQASM 2.0 link directly to the research work on “Diminishing Measurement 
Overhead in Quantum State Tomography (QST) with Quantum Machine Learning (QML)” by illustrating the fundamental 
operations that are part of quantum computing and how they are used in Quantum State Tomography (QST).  

Quantum State Tomography (QST)
QST is a process used to reconstruct the state of a quantum system by performing a series of measurements on qubits. 
The primary challenge in conventional QST is the requirement for many measurements to accurately reconstruct the 
quantum state, especially as the number of qubits increases.  

In the provided Circuit
Quantum Gates: Operations like Hadamard (h), CNOT (cx), and rotations (rz, rx, ry) manipulate the quantum states of 
qubits, creating various superpositions and entanglements. These states are what QST aims to reconstruct.

Quantum Machine Learning (QML) for QST
The research proposes using QML to reduce the measurement overhead in QST. By leveraging patterns learned from 
smaller datasets, QML algorithms can predict and reconstruct quantum states with fewer measurements. The circuit 
prepares a quantum state using basic quantum gates, and this state is then subject to measurements. In conventional 
QST, you would need to apply many different configurations of gates and measure them to gather enough data for state 
reconstruction. In the research, QML models would take the measurement results from circuits like this and learn to 
predict the full quantum state with higher fidelity, even when fewer measurements are taken. 

Measurement Overhead
One of the key metrics in the research is the reduction of the number of measurements required to accurately perform 
QST. The circuit code ends with measurement operations:
Measurement Operations: measure q [0] -> c [0]; records the state of a qubit into a classical bit. In QST, these 
measurements would be repeated many times to gather statistical data about the quantum state. By integrating QML, 
fewer measurements might be needed, as the model can infer the quantum state from less data. This directly relates to 
the research’s goal of reducing measurement overhead. 

Scalability and Complexity
As the number of qubits increases, the complexity of the quantum state and the corresponding tomography grow 
exponentially. The provided circuit is an example of a small quantum system. The research extends this by showing 
that even as circuits grow more complex (with more qubits and gates), QML can still provide efficient QST, reducing 
computational resources and measurement requirements. 

Visualization and Analysis
The visualization of circuits like the one in the code helps in understanding how qubits evolve through quantum 
operations and how QST can be applied. The provided Plotly visualizations of measurement reduction and computational 
efficiency support the research findings, demonstrating the practical impact of using QML for QST. In essence, the 
provided OpenQASM 2.0 circuit is a basic example of how quantum states are manipulated and measured, which forms 
the core of Quantum State Tomography. The research builds on this by proposing that Quantum Machine Learning can 
significantly enhance the efficiency of QST, making the process more scalable and reducing the measurement overhead, 
especially as quantum systems grow in complexity. The code and circuit are foundational elements that help illustrate 
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the challenges and opportunities addressed in the research. Quantum Machine Learning can significantly enhance 
the efficiency of QST, making the process more scalable and reducing measurement overhead, especially as quantum 
systems become increasingly complex. The code and circuit are foundational elements that help illustrate the challenges 
and opportunities addressed in this research.

Results & Discussion
Experimental Results
The results of this study demonstrate the efficacy of Quantum Machine Learning (QML) in reducing the measurement 
overhead in Quantum State Tomography (QST). The experiments were conducted on simulated quantum systems 
with varying numbers of qubits, using a quantum variational circuit optimized with QML techniques. The results were 
analyzed based on the fidelity of the reconstructed quantum states, the reduction in measurement overhead, and the 
scalability of the approach. 
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The circuit and code provided in OpenQASM 2.0 link 
directly to the research work on "Diminishing Measurement 
Overhead in Quantum State Tomography (QST) with 
Quantum Machine Learning (QML)" by illustrating the 
fundamental operations that are part of quantum computing 
and how they are used in Quantum State Tomography (QST).   

1. Quantum State Tomography (QST) 

QST is a process used to reconstruct the state of a 
quantum system by performing a series of measurements on 
qubits. The primary challenge in conventional QST is the 
requirement for many measurements to accurately 
reconstruct the quantum state, especially as the number of 
qubits increases.   

In the provided circuit: 

Quantum Gates: Operations like Hadamard (h), CNOT 
(cx), and rotations (rz, rx, ry) manipulate the quantum states 
of qubits, creating various superpositions and entanglements. 
These states are what QST aims to reconstruct. 

2. Quantum Machine Learning (QML) for QST 

The research proposes using QML to reduce the 
measurement overhead in QST. By leveraging patterns 
learned from smaller datasets, QML algorithms can predict 
and reconstruct quantum states with fewer measurements. 

The circuit prepares a quantum state using basic quantum 
gates, and this state is then subject to measurements. In 
conventional QST, you would need to apply many different 
configurations of gates and measure them to gather enough 
data for state reconstruction.  

In the research, QML models would take the 
measurement results from circuits like this and learn to 
predict the full quantum state with higher fidelity, even when 
fewer measurements are taken.  

3. Measurement Overhead 

One of the key metrics in the research is the reduction of 
the number of measurements required to accurately perform 
QST. The circuit code ends with measurement operations: 

Measurement Operations: measure q [0] -> c [0]; records 
the state of a qubit into a classical bit. In QST, these 

measurements would be repeated many times to gather 
statistical data about the quantum state. 

By integrating QML, fewer measurements might be 
needed, as the model can infer the quantum state from less 
data. This directly relates to the research's goal of reducing 
measurement overhead.  

4. Scalability and Complexity 

As the number of qubits increases, the complexity of the 
quantum state and the corresponding tomography grow 
exponentially. The provided circuit is an example of a small 
quantum system. The research extends this by showing that 
even as circuits grow more complex (with more qubits and 
gates), QML can still provide efficient QST, reducing 
computational resources and measurement requirements.  

5. Visualization and Analysis 

The visualization of circuits like the one in the code helps 
in understanding how qubits evolve through quantum 
operations and how QST can be applied. The provided Plotly 
visualizations of measurement reduction and computational 
efficiency support the research findings, demonstrating the 
practical impact of using QML for QST. 

In essence, the provided OpenQASM 2.0 circuit is a basic 
example of how quantum states are manipulated and 
measured, which forms the core of Quantum State 
Tomography. The research builds on this by proposing that 
Quantum Machine Learning can significantly enhance the 
efficiency of QST, making the process more scalable and 
reducing the measurement overhead, especially as quantum 
systems grow in complexity. The code and circuit are 
foundational elements that help illustrate the challenges and 
opportunities addressed in the research. Quantum Machine 
Learning can significantly enhance the efficiency of QST, 
making the process more scalable and reducing measurement 
overhead, especially as quantum systems become 
increasingly complex. The code and circuit are foundational 
elements that help illustrate the challenges and opportunities 
addressed in this research. 

V. RESULTS & DISCUSSION 

A. Experimental Results 
The results of this study demonstrate the efficacy of 

Quantum Machine Learning (QML) in reducing the 
measurement overhead in Quantum State Tomography 
(QST). The experiments were conducted on simulated 
quantum systems with varying numbers of qubits, using a 
quantum variational circuit optimized with QML techniques. 
The results were analyzed based on the fidelity of the 
reconstructed quantum states, the reduction in measurement 
overhead, and the scalability of the approach.  
TABLE II. Fidelity of Reconstructed Quantum States 

Number 
of 

Qubits 

Conventional 
QST Fidelity 

QML-
based 
QST 

Fidelity 

Percentage 
Improvement 

(%) 

2 0.980 0.990 1.02 

3 0.965 0.985 2.07 

4 0.950 0.975 2.63 

5 0.930 0.965 3.76 

6 0.910 0.950 4.40 

Table 2: Fidelity of Reconstructed Quantum States
 

 
Fig 3. Fidelity Improvement in Quantum State Tomography 

Discussion: The fidelity of the reconstructed quantum 
states using the QML-based QST method consistently 
outperforms the conventional QST method across different 
qubit numbers. The percentage improvement in fidelity 
increases as the number of qubits grows, indicating that the 
QML approach becomes increasingly advantageous for 
larger quantum systems. 
TABLE III. Measurement Overhead Reduction 

  

Number of 
Qubits 

Conventional 
QST Fidelity 

QML-based 
QST 
Fidelity 

Percentage 
Improvement 
(%) 

2 0.980 0.990 1.02 

3 0.965 0.985 2.07 

4 0.950 0.975 2.63 

5 0.930 0.965 3.76 

6 0.910 0.950 4.40 

 

 
Fig 4. Measurement Overhead Reduction in QST 

Discussion: The data illustrates a significant reduction in 
the number of measurements required for QST when 
employing the QML-based method. As the number of qubits 
increases, the QML approach shows a more pronounced 
reduction in measurement overhead, reaching up to an 
81.25% reduction for a 6-qubit system. This result highlights 
the efficiency of the QML-based approach in mitigating the 
measurement burden, making QST more feasible for larger 
quantum systems. 
TABLE IV. Scalability Analysis of QML-based QST 

Number 
of Qubits 

Computation 
Time 
(Conventional 
QST) 

Computati
on Time 
(QML-
based QST) 

Computation 
Time 
Reduction 
(%) 

2 5 seconds 4 seconds 20 
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proposed QML approach demonstrated a substantial reduction in the number of measurements required for accurate 
quantum state tomography. Measurement overhead was reduced by up to 81.25% for a 6-qubit system, making QST 
more practical for larger quantum systems. Improved Computational Efficiency: The QML-based method not only reduced 
measurement overhead but also decreased the computation time required for QST. This improvement in computational 
efficiency was especially notable in larger quantum systems, where the QML approach reduced computation time by up 
to 60%.

Scalability 
The QML-based QST method showed strong scalability, performing well as the number of qubits increased. This scalability 
makes the method suitable for applications involving large-scale quantum systems, a crucial factor for advancing 
quantum information processing.

Research Implications
The integration of QML into QST has the potential to significantly advance quantum information processing by 
making QST more feasible for large-scale quantum systems. This approach could enable more efficient verification 
and characterization of quantum states in quantum computing, quantum communication, and quantum cryptography. 
The reduction in measurement overhead and computational resources required by the QML-based method suggests 
that it could be applied in real-world quantum technologies, such as quantum computing and quantum sensing. This 
approach could facilitate the development and deployment of quantum technologies by improving the efficiency and 
accuracy of quantum state reconstruction. This study lays the groundwork for further exploration of QML techniques in 
other quantum tasks, such as quantum error correction and quantum state discrimination. The methods and findings 
presented in this research could inspire future studies that seek to optimize and enhance various aspects of quantum 
information processing.

Limitations
Dependence on Simulation: A significant portion of the results was obtained through simulations, which may not fully 
capture the complexities and noise present in real quantum hardware. While simulations provide valuable insights, the 
performance of the QML-based QST method on actual quantum devices may differ. Scalability Constraints in Practice: 
Although the QML-based method shows strong scalability in theory and simulation, practical constraints such as hardware 
noise, decoherence, and limited qubit connectivity could impact its effectiveness when scaled to even larger quantum 
systems. 

Optimization Challenges
The optimization of variational circuits can be challenging, particularly in the presence of barren plateaus, where 
gradients vanish, making it difficult to find the global minimum. This could limit the effectiveness of the QML-based 
approach for more complex quantum states and larger qubit systems.

Conclusion
This research demonstrates the potential of Quantum Machine Learning (QML) to significantly enhance Quantum State 
Tomography (QST) by reducing measurement overhead and improving computational efficiency. Through a series of 
simulated experiments, the QML-based approach consistently achieved higher fidelity in the reconstruction of quantum 
states compared to conventional QST methods. The method’s ability to scale with the number of qubits further highlights 
its applicability in large-scale quantum systems, addressing a critical challenge in quantum information processing. 
Despite its promising results, the study acknowledges the limitations of simulation-based findings and the potential 
challenges in optimizing variational circuits. Future work will need to validate these findings on actual quantum hardware 
and explore further refinements to the QML-based approach. Overall, this research contributes to the growing body of 
knowledge in quantum computing by offering a novel method that enhances the practicality and efficiency of QST, with 
implications for a wide range of quantum technologies [10-16].
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