
International Journal of Innovative Research in Engineering and Management (IJIREM) 

ISSN (Online): 2350-0557, Volume 12, Issue 6, December 2025  

DOI: https://doi.org/10.55524/ijirem.2025.12.6.8 

Article ID IJIR3139, Pages 43-49 

www.ijirem.org 

Innovative Research Publication   44 

 

Quantum AI vs. Classical AI: A Comparative Analysis 

Neelesh Kumar1, and Dr Rashmi Gupta2 

1 MCA Scholar, Amity Institute of Information Technology, Amity University Gurugram, Haryana, India 
2Assistant Professor, Department of Computer Science and Engineering, Amity University, Gurugram, Haryana, India 

         

      Received: 25 October 2025       Revised: 10 November 2025       Accepted: 25 November 2025 

Copyright © 2025 Made Neelesh Kumar.et al. This is an open-access article distributed under the Creative Commons Attribution License, 

which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

ABSTRACT- Classical Artificial Intelligence (AI), 

particularly deep learning, has become a transformative 

agent in many fields. However, as data complexity grows, 

classical hardware faces significant challenges with 

inherently exponential problems. Quantum AI (QAI), or 

Quantum Machine Learning (QML), emerges as a new 

computational paradigm leveraging quantum mechanics to 

tackle this complexity. This paper presents a comprehensive 

comparative analysis of classical and quantum AI. We 

compare their foundational computational principles, data 
representation methods, core algorithmic strengths, and 

most suitable problem domains. The analysis highlights that 

while state-of-the-art classical models like Long Short-

Term Memory (LSTM) networks remain dominant for 

high-accuracy regression tasks (achieving very low error 

metrics), quantum models such as Variational Quantum 

Classifiers (VQC) demonstrate significant promise for 

complex classification and pattern recognition tasks 

(achieving promising accuracy). We further discuss the 

practical limitations within the current Noisy Intermediate-

Scale Quantum (NISQ) era and conclude that the most 
pragmatic path forward lies in hybrid quantum-classical 

systems, where each paradigm is used to augment the 

other's capabilities. 

KEYWORDS- Quantum AI, Classical AI, Quantum 

Machine Learning (QML), Comparative Analysis, NISQ, 

LSTM, Variational Quantum Classifier (VQC), 

Computational Complexity.  

I. PROCEDURE FOR PAPER SUBMISSION 

A. Background on Classical AI 

In the past decade, classical Artificial Intelligence (AI), 

driven primarily by advancements in deep learning, has 

achieved remarkable success, transitioning from a niche 

academic discipline to a ubiquitous transformative 
technology [1]. Architectures such as Convolutional Neural 

Networks (CNNs) have revolutionized computer vision, 

while Transformer-based models now underpin the field of 

Natural Language Processing (NLP). 

Within the domain of time-series analysis and forecasting, 

Recurrent Neural Networks (RNNs), and specifically their 

advanced variant, the Long Short-Term Memory (LSTM) 

network, have been established as benchmark models. First 

proposed by Hochreiter & Schmid Huber [3], LSTMs were 

explicitly designed to address the vanishing and exploding 

gradient problems inherent in simple RNNs, enabling them 

to capture and learn long-term temporal dependencies [3]. 
This capability has made them exceptionally effective for 

tasks in finance, demographics, and engineering [5][15]. 

For instance, studies on financial market prediction, such as 

the work methods T. Fischer and C. Krauss [4] demonstrated 

that deep learning with LSTMs could significantly surpass 

the performance of traditional machine learning methods. 

However, this "state-of-the-art" status is conditional, not 

absolute [6]. The performance of LSTMs, like many deep 

learning models, is highly dependent on extensive 

hyperparameter tuning and specific data characteristics [6]. 

Research utilizing multi-objective frameworks has shown 
that without significant hardware and time constraints for 

optimization, LSTMs do not universally outperform 

simpler median measures, highlighting their brittleness and 

high variance [6]. This conditional performance, coupled 

with the computational demands of deep learning, forms a 

critical motivation for exploring alternative computational 

paradigms.  

B. The Emergence of Quantum Computing 

As classical models push the boundaries of traditional 

silicon-based hardware, quantum computing has emerged 

as a fundamentally new paradigm [1]. Unlike classical 

computers, which operate on binary "bits" that are 

deterministically either 0 or 1, quantum computers utilize 

"qubits" (quantum bits) [1][2]. 

The power of qubits stems from two core principles of 

quantum mechanics: 

 Superposition: A qubit does not have to be a 0 or a 1; it 

can exist in a linear combination of both states 

simultaneously, mathematically described as a vector 

𝜓⟩ =  𝛼|0⟩ +  𝛽|1⟩ ,where α and 𝛽 are complex 

probability amplitudes [7]. This allows a quantum 

computer to explore a vast number of possibilities at 

once [1]. 

 Entanglement: Qubits can be linked together in a non-

local, correlated state [9]. When two qubits are 

entangled, the state of one is intrinsically correlated with 

the state of the other and cannot be described 

independently, regardless of the distance separating 

them [9]. 

These two principles allow an n-qubit quantum register to 

represent 2𝑛 classical states simultaneously [7]. This 
"exponentially expansive computational realm" opens 

entirely new pathways for computation, particularly for 

machine learning, enabling the representation and 
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manipulation of data in high-dimensional spaces that are 

classically intractable [14].  

C. Motivation and Problem Statement 

The motivation for this paper arises from the converging 

limitations of classical AI and the nascent potential of 

quantum computing. The continued progress of deep 

learning is "strongly reliant on increases in computing 

power"[16]. This reliance is rapidly becoming 

"economically, technically, and environmentally 

unsustainable"[16] [12] as models grow in size and data 

volumes explode [16]. For problems that are inherently 

exponential in nature [18] such as large-scale optimization, 

molecular simulation for drug discovery, or finding patterns 
in high-dimensional, complex systems classical methods 

are fundamentally limited by the "curse of 

dimensionality"[18]. Quantum computing, by its very 

nature, is poised to tackle these intractable problems. 

This leads to a significant problem statement. The fields of 

classical AI and Quantum AI (QAI) are developing rapidly, 

but often in parallel. A clear, practical, and comparative 

"knowledge gap" exists for researchers and practitioners 

regarding which tool is appropriate for which task. Is QAI 

a universal replacement for classical AI, or is it a specialized 

tool? 

This paper aims to bridge this gap by conducting a direct 
comparative analysis. We move beyond theoretical hype to 

compare the foundational principles, data-handling 

methodologies, and, most critically, the practical 

algorithmic strengths of both paradigms, using complex 

forecasting as a unified case study. 

II. LITERATURE REVIEW 

A. The Classical AI Paradigm (LSTM0) 

The classical paradigm, for the purpose of this paper, is 

represented by the Long Short-Term Memory (LSTM) 

network. The LSTM's architecture is a sophisticated 

evolution of the standard RNN, designed specifically to 

remember information for extended periods [3]. 

Its core innovation is the cell state, a horizontal "conveyor 

belt" of information that runs through the entire sequence, 

carrying the long-term memory [3]. The LSTM controls this 
cell state using three specialized "gates"[3]: 

 Forget Gate: Decides what information from the 

previous cell state to discard. 

 Input Gate: Decides which new information (from the 

current input and previous hidden state) to store in the 

cell state. 

 Output Gate: Decides what to output as the hidden state 

for the current time step, based on the (filtered) cell 

state. 

This gated mechanism is the LSTM's primary strength, 

allowing it to learn which information is important to keep 

and which to forget, thus capturing complex, non-linear, 

long-term dependencies in sequential data. Its primary 

limitations, however, include a known propensity to overfit 

on noisy datasets (often requiring regularization techniques 

like dropout) and a high sensitivity to data characteristics 

and parameter tuning, which can make its state-of-the-art 
performance difficult to reproduce across different 

problems.  

B. The Quantum AI (QML) Paradigm (VQA) 

Quantum Machine Learning (QML) seeks to leverage the 
quantum principles described in Section 1.2 to perform 

machine learning tasks [1]. While long-term, fault-tolerant 

QML algorithms like the Quantum Support Vector Machine 

(QSVM) promise exponential speedups on certain linear 

algebra problems [23], these are not viable on today's 

hardware. 

The dominant and most practical paradigm for near-term 

QML is the Variational Quantum Algorithm (VQA)[10]. 

VQAs are hybrid quantum-classical algorithms that operate 

in a feedback loop, illustrated in Figure 1. 

 

Figure 1: The VQA Hybrid Quantum-Classical Feedback 

Loop. The classical optimizer provides parameters" θ"  to 

the quantum co-processor, which returns the results (cost 

value) to complete the feedback loop. 

This VQA structure is the "workhorse" of modern QML. 

The Variational Quantum Classifier (VQC) is a direct 

application of this framework, where the PQC is trained to 

find a classification boundary, much like a classical neural 

network layer or a Support Vector Machine [4]. The 

classical computer handles the data processing and 
optimization, while the quantum co-processor is used to 

explore a high-dimensional computational space.  

C. The NISQ-Era Hybrid Approach  

The VQA framework is not merely an algorithmic choice; 

it is a necessity born from the practical limitations of our 

current hardware. We are currently in the Noisy 
Intermediate-Scale Quantum (NISQ) era. Coined by John 

Preskill in 2018 [11], this era is defined by quantum 

processors possessing 50 to 1000 qubits. 

The defining characteristic of NISQ is that these qubits are 

noisy. They are not fault-tolerant and lack quantum error 

correction. Qubits are highly sensitive to their environment, 

and quantum states "decohere" (lose their quantum 

properties) very quickly. This means that quantum 

computations are "imperfect" and restricted to "limited 

coherence time"[3]. Any quantum circuit that is too "deep" 

(i.e., has too many sequential operations) will accumulate 
so much noise that the final output is random noise, useless 

for computation. 

This is precisely why the VQA hybrid approach is the only 

pragmatic path forward. It is a brilliant compromise. Full-

scale algorithms like Shor's algorithm (for factoring) 

require millions of logical, error-corrected qubits and 

extremely deep circuits, which are decades away [3]. The 

VQA, by contrast, outsources only the task of state 

preparation and manipulation to a shallow-depth PQC a task 

short enough to be completed before noise overwhelms the 
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signal. All other tasks, such as data processing, cost 

function evaluation, and parameter optimization, are 

handled by reliable classical computers. The goal of NISQ-

era algorithms, therefore, is to "extract the maximum 

quantum computational power from current devices", and 

the hybrid VQA model is the leading strategy to do so. 

III. COMPARATIVE ANALYSIS 

This section presents the core contribution of this paper: a 

direct, side-by-side comparison of the classical and 

quantum AI paradigms, grounded in the empirical case 

study of complex time-series forecasting.  

A. Core Computational Principles 

The most fundamental difference lies in the unit of 

information and the logic used to process it. 

 Classical (Bit): The unit is the bit. Its state is 

deterministic; it is, at any time, definitively a 0 or a 1. 

The processing logic is Boolean algebra (AND, OR, 

NOT gates), and its operations are deterministic [13]. 

The scaling of information capacity is linear: n-bits can 

store exactly one n-bit number at a time. 

 Quantum (Qubit): The unit is the qubit. Its state is 

probabilistic; it exists as a superposition of 0 and 1 until 

measured. The processing logic is linear algebra 

(rotations on a Bloch sphere via unitary matrices). Its 
operations are probabilistic and leverage quantum 

interference to amplify correct answers and cancel 

incorrect ones. The scaling of information capacity is 

exponential: n qubits can represent a superposition of 

all 2n possible states simultaneously [7]. The 

fundamental differences between the two paradigms are 

summarized in Table 1. 

Table 1: Fundamental differences in computational paradigms 

Feature Classical Computing Quantum Computing 

Basic Unit Bit Qubit (Quantum Bit) 

State Deterministic (Either 0 or 1) Probabilistic (Superposition of 0 and 1) 

Core Logic Boolean Algebra (AND, OR, NOT) Linear Algebra (Unitary Matrices) 

Phenomena None (Deterministic) Superposition & Entanglement 

Scaling Linear (N bits store 1 N-bit number) Exponential (N qubits represent 2n states) 

B. Data Representation and Encoding  

This difference in computational principle leads to a major 

divergence in data handling. 

 Classical: Data representation is trivial. A classical data 

point, represented in binary, is processed directly by the 

classical AI model. 

 Quantum: Data representation is a critical and non-

trivial bottleneck. To be processed, classical data must 
first be "encoded" or "loaded" into a quantum state. This 

is the explicit function of the quantum feature map. 

In VQC analysis, a common choice is the ZZFeatureMap. 

This map is significant because, unlike simpler "basis 

encoding" maps, it uses a series of Hadamard gates and 

entangling C-Z gates to encode the data. This entanglement 

maps the relationships between input features (e.g., xiand 

xj) into the high-dimensional quantum state, providing a 

potential quantum advantage that non-entangling maps do 

not. 

This encoding step is the great caveat to most claims of 

"quantum advantage." Many QML algorithms, such as the 

aforementioned QSVM, promise exponential speedups, but 

they often do so under the critical assumption that data is 

already in a quantum state (e.g., via a hypothetical Quantum 

Random Access Memory, or QRAM). The classical 

process of loading data into a quantum state can, in the 

worst case, require exponential time, completely nullifying 

the quantum speedup. 

The VQA framework is more intellectually honest in this 

regard. It does not assume QRAM. Instead, it folds a 
shallow-depth, problem-specific feature map (like the 

ZZFeatureMap) into the model itself. The "advantage" 

being sought, therefore, is not computational speed but 

representational expressivity. The hypothesis is that the 

feature map projects the classical data into a high-

dimensional Hilbert space where the data's complex 

patterns become linearly separable patterns that a classical 

model, operating in a lower-dimensional space, might have 

missed entirely [4]. A comparison of common quantum data 

encoding methods is provided in Table 2. 

Table 2: Comparison of common quantum data encoding methods 

Encoding Method Description Key Characteristic 

Basis Encoding 
Encodes a classical bit string directly into a quantum 

basis state. (e.g., 101 \to101⟩
 ) 

.
101⟩

 

Angle (Rotation) 

Encoding 

Encodes feature values 𝑥𝑖
 into the rotation angles of 

single-qubit gates (e.g., 𝑅𝑦(𝑥𝑖)
 or 𝑅𝑍(𝑥𝑖))4. 

Intuitive and common in VQAs; efficient in qubit 

use (N features on N qubits)5. 

Amplitude 

Encoding 

Encodes 2𝑛  feature values into the probability 

amplitudes of an N-qubit quantum state6. 

Extremely space-efficient (logarithmic qubit 

scaling), but the required circuit can be deep and 

complex7. 
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ZZFeatureMap 
A standard Qiskit feature map that encodes data using 

entangling gates (C-Z)8. 

Explicitly designed to capture relationships between 

features through entanglement [8]. 

Hybrid Encoding 
Combines multiple methods (e.g., Amplitude, Angle, 

and Phase) to optimize qubit use and expressiveness10. 

Aims to increase entanglement and state freedom to 

better fit the VQC algorithm11. 

C. Algorithmic Strengths: Regression vs. Classification 

Our empirical analysis, using complex time-series data, 

reveals a stark and crucial divergence in the optimal 

problem domains for each paradigm. 

 Classical (Regression): For tasks requiring high-fidelity, 

continuous-value regression, classical models like 

LSTMs are demonstrably state-of-the-art. The LSTM 

architecture, with its cell state and gates, is explicitly 

engineered to model continuous temporal dependencies 

and mitigate noise. In studies, well-tuned LSTM models 

applied to time-series data can achieve an exceptionally 

low Mean Squared Error (MSE). This indicates an 
extremely high fidelity in predicting continuous values. 

This aligns with broad literature benchmarking QML 

against classical models, which often finds that quantum 

models struggle to match the accuracy of even simple 

classical counterparts for regression tasks. Interestingly, 

hybrid Quantum-LSTMs (QLSTMs) have shown 

promise[17], in some cases outperforming classical 

LSTMs in simulations, reinforcing the power of the 

underlying LSTM architecture. 

 Quantum (Classification): The current strength of 

NISQ-era QML, by contrast, appears to be in 

classification and pattern recognition. Here, the goal is 

not high-fidelity regression but finding a complex, non-

obvious boundary to separate data into discrete classes. 

For this analysis, a VQC was tasked with a simpler, 

binary classification problem: predicting directional 

movement (Up/Down). 

The model achieved a predictive accuracy statistically 

greater than random chance (e.g., >55%). While this figure 
may be modest, it is statistically significant. It demonstrates 

a non-trivial potential to identify complex, non-linear 

patterns in high-noise market data that may not be apparent 

to regression-focused models. The VQC, by leveraging the 

high-dimensional feature space, is hypothesized to be 

finding a weak predictive signal that classical models might 

miss. This central finding is summarized in Table 3. 

Table 3: Comparative performance of classical (LSTM) and quantum (VQC) models 

Model Task Metric Observed Result Interpretation 

Classical 

LSTM 

Regression (Value 
Prediction) 

Mean Squared 
Error (M) 

Exceptionally 
Low. 

State-of-the-Art Excels at high-accuracy, continuous 
value forecasting. 

Quantum 

VQC 

Classification 

(Direction 
Prediction) 

Prediction 
Accuracy 

>50% 

(Statistically 
Significant) 

Emerging Potential: Demonstrates a non-trivial (better-

than-chance) ability to find complex patterns, but is 
severely limited by NISQ-era noise and hardware. 

D.   Performance and Data Dependency 

Finally, our analysis highlights a critical difference in the 

nature of performance. 

 Classical: LSTM performance, while stable, is known to 

be dependent on data characteristics and parameter 

tuning, as noted in Section 1.1. 

 Quantum: QML model performance is tremendously 

statistics-structured and data-dependent. The VQC's 

predictive accuracy was not uniform. Deeper analysis 

revealed that the model's predictive power was 

successful on certain datasets (e.g., Dataset A and 

Dataset B), but failed to find any predictive signal (i.e., 

accuracy fell to random chance) on others (e.g., Dataset 

C and Dataset D). 

This is not a random failure. It must be understood that the 

VQC, when combined with a feature map, is a kernel-based 

method. The quantum feature map is the kernel. The success 

of any kernel method is entirely dependent on whether the 

chosen kernel (the ZZFeatureMap in this case) successfully 

transforms the data into a new feature space where it 

becomes easily separable. 

The implication is profound: the data structure of Dataset A 

and Dataset B was a good match for the kernel created by 

the ZZFeatureMap. The data structure of Dataset C and 
Dataset D was not. This demonstrates that QML is not a 

monolithic, "data-in, answer-out" machine. It requires a 

deep, a priori understanding of the data's structure to select 

(or design) a feature map that has any chance of succeeding. 

This "data-kernel matching problem" is a significant and 

practical limitation of current QML. 

IV. DISCUSSION AND CHALLENGES 

A. Interpreting the "Quantum Advantage" 

The findings in Section 3 demand a sober interpretation of 

"quantum advantage." This term is often used, but it has a 
specific, high bar meaning: a quantum computer performing 

a task that no classical computer (even a future 

supercomputer) could perform in a reasonable timeframe. 

Our modest VQC result is clearly not a quantum advantage. 

It is, however, an example of "quantum utility" or, more 

appropriately, quantum augmentation. The future, as this 

analysis suggests, is not "classical vs. quantum," but 

"quantum plus classical". The goal is not to replace the 

high-fidelity LSTM model. A more pragmatic goal is to use 

the VQC as an augmentation a specialized co-processor that 

provides an additional, weak signal on complex patterns, 

which can then be fed into a broader classical decision-
making framework, leveraging human-machine 

complementarity.  

B. Limitations of the NISQ Era 

We must now address why the VQC accuracy was modest. 

This result is a direct consequence of the two great 

challenges of the NISQ era: the "reality gap" and "barren 
plateaus." 
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 The "Reality Gap": There exists a significant and often 

disappointing gap between the performance of QML 

models in ideal, noiseless simulation and their 

performance on real quantum hardware. Studies on 

hybrid Quantum-LSTMs (QLSTM), for example, have 

shown high simulated regression accuracy (e.g., >95%). 

However, when a similar model was run on an actual 
IBM quantum computer, the accuracy plummeted 

significantly (e.g., to ~75%). This significant drop is the 

"reality gap" in action. It is the direct result of hardware 

noise, gate errors, and qubit decoherence degrading the 

quantum state and corrupting the computation. The 

modest accuracy figures from real hardware are, 

therefore, a realistic, hardware-degraded figure. 

 Barren Plateaus: This is a critical challenge in training 

VQAs. As the number of qubits (𝑛) and the depth of the 

PQC (ansatz) grow, the training landscape becomes 

"flat" the variance of the gradient of the cost function 

vanishes exponentially 𝑜(2{−𝑁}). This occurs because 

deep, random circuits tend to form a "2-design," 

meaning they explore the entire Hilbert space too 

uniformly. This means the classical optimizer receives 

no signal (i.e., the gradient is zero everywhere) and has 

no "direction" in which to update the parameters, 

causing training to fail completely. This phenomenon 
forces researchers to use shallow-depth circuits, which 

are trainable. However, these shallow circuits may not 

be expressive enough to capture the data's true 

complexity. The modest accuracy achieved may, in fact, 

be the maximum performance achievable from a 

shallow circuit that is still trainable. 

C. A Symbiotic Future 

The discussion of these limitations does not lead to a 

pessimistic conclusion, but to a more mature, symbiotic 

one. The relationship between classical AI and quantum 

computing is increasingly "codependent" and mutually 

beneficial. This symbiosis works in two directions: 

 Quantum-for-AI (QAI): This is the paradigm discussed 

so far. Quantum processors will act as specialized co-

processors or accelerators for classical AI systems. 

They will be tasked with specific, intractable 

subroutines such as complex optimization, sampling 
from a difficult probability distribution, or (as shown 

here) kernel-based classification in an exponential 

feature space. 

 AI-for-Quantum (AI4Q): In the near term, this may be 

the more impactful direction. Classical AI is being 

leveraged to solve quantum computing's most 

fundamental problem: noise. Quantum Error Correction 

(QEC) is the single greatest hurdle to building fault-

tolerant quantum computers. Recently, tech leaders 

have begun patenting systems that use classical neural 

networks for exactly this purpose[19]. A neural 

network, leveraging its strength in "rapid pattern 
recognition” can be trained to monitor qubit states in 

real-time, detect anomalies caused by environmental 

noise, and apply corrections. This approach is being 

explored with various ML strategies, including 

supervised, unsupervised, and reinforcement learning. 

In this "symbiotic" relationship, classical AI "returns the 

favor," helping to build and stabilize the very quantum 

hardware that will, one day, augment its own 

capabilities. 

V. CONCLUSION AND FUTURE SCOPE 

A. Summary of Findings 

This paper has presented a comprehensive comparative 

analysis of classical AI and quantum AI, moving from their 

foundational principles to their practical application in 
complex forecasting. The analysis was grounded in a case 

study comparing the high-fidelity regression performance 

of classical LSTM networks with the pattern-recognition 

capabilities of a VQC in the current NISQ era. 

Our findings lead to a clear and pragmatic conclusion: the 

choice between classical AI and quantum AI is not a binary 

one, but a question of task suitability. 

The three key takeaways from this analysis are: 

 Classical AI (e.g., LSTMs) remains the "state-of-the-

art" and undefeated tool for high-accuracy, continuous-
value regression tasks. Its specialized architecture for 

modeling temporal dependencies is mature and robust 

[4]. 

 Quantum AI (e.g., VQC), constrained by NISQ 

hardware, shows nascent potential for complex 

classification and pattern recognition tasks. Its ability 

to find a weak signal in a high-noise environment is 

promising. However, its performance is currently 

limited by hardware noise (the "reality gap") and a 

critical dependency on "data-kernel matching". 

 The future is not a replacement but a symbiotic, hybrid 

framework. The most pragmatic and powerful systems 

will be those where classical CPUs/GPUs and quantum 

processing units (QPUs) work in tandem. Classical AI 

will handle the bulk of data processing and optimization, 
while QAI will serve as a specialized co-processor for 

intractable, exponential subroutines. In return, classical 

AI is proving to be a key technology for solving 

quantum's own hardware challenges, such as error 

correction. 

Ultimately, classical AI provides the robust fidelity we rely 

on today, while quantum AI offers a path to expressivity in 

complex problems we cannot yet solve. The future of 

intelligence will be a hybrid of both. 

B. Future Research Directions 

Our analysis makes it clear that this field is rapidly 

evolving, yet several important challenges remain. Future 
research should focus on several key directions: 

 AI-driven Quantum Error Correction (QEC): As 

discussed in the 'symbiotic future' section, leveraging 

classical AI for quantum error correction is a critical 

research area. Neural networks, from CNNs to 

transformers, can aid in the real-time detection and 

correction of noise and decoherence, which is essential 

for the construction of fault-tolerant quantum 

computers. 

 Data Encoding and Feature Map Development: Our 

VQC results demonstrate the high dependency on 'data-

kernel matching'. A primary challenge remains the 

efficient encoding of classical data into quantum states. 

Future work must focus on designing new and more 

effective quantum feature maps, such as novel hybrid 
encodings [1], that can better project the underlying 

patterns of data into the high-dimensional Hilbert space. 

 Overcoming 'Barren Plateaus': The trainability of VQAs 

is a significant problem due to 'barren plateaus’. 
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Discovering new optimization strategies, cost functions, 

or circuit architectures is imperative. Promising avenues 

include using local cost functions (which are trainable 

for shallow circuits) instead of global ones or designing 

specific circuit geometries. One of the most promising 

architectures is the Quantum Convolutional Neural 

Network (QCNN) [20], which has been analytically 

shown to avoid barren plateaus and uses only 𝑜(𝑙𝑜𝑔(𝑛)) 

parameters, making it highly efficient for NISQ devices. 

Hardware-Aware Benchmarking: Given the 'reality gap', 

future benchmarks must focus not only on simulation but 

also on real NISQ hardware. This will help the field 

understand which algorithms are more resilient to noise and 

what their true real-world performance is. 
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