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Abstract

It's as if we are trying to tame a wild, elusive beast in quantum computing; one that holds the key to solving issues that
are impossible for classical computers-if only we can learn to speak to it. And that language is mathematical modeling, the way
we describe, predict and manipulate quantum systems. This is a theoretical paper, where we find ourselves in the charming,
challenging task of making sense at some analytical level of how to model these quantum computers. The obstacles are substantial:
any quantum system exists in state spaces that scale exponentially with each qubit-state spaces that are utterly terrifying to model.
Next we have noise-quantum states are delicate things, and the world tends to ruin them. A predictive nature is not a model with
the ability to provide a correction, which need on reliable calculations-that is another beast, and there are instances where the
models really do not perform efficient compared with genuine hardware. The saga continues when it comes to quantum algorithm
optimization where we need to balance power with reality, a real-life version of a jigsaw puzzle with half the pieces missing.

However, it is not all bad news. The prospects are thrilling. Enter variational methods, which are getting crafty at reducing
that model complexity without losing the spirit of what the model represented. It is perhaps the latter, using tensor networks as a
kind of a secret weapon that compresses the quantum complexity into something that is amenable to our handling. Some machine
learning that is creeping in, in that we can find patterns and optimise models in ways we did not think about. Then you have
topological quantum computing, which features its crazy notions of developing braid and knots that create systems that scoff at
errors. Looking through the human lens, this paper grapples with these concepts, examining where we are frozen in place and
where we could go next. Quantum Computer is indeed a bottleneck, lack giant monolithic and mutli-model mathematical modeling
as treasury answer is not only a bottleneck but also key to unlock quantum computer level potential in deed! If we face these first
challenges and explore new paths, we may move away from innate theory about quantum computers and instead experience the
world shifting for the better.
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Introduction

Quantum computing is like something out of a science fiction story-surreal, exciting, and a little scary. A new computing
model based on the strange laws of quantum mechanics, where bits can simultaneously be 0 and 1, and particles can become
entangled over large distances. Opening this weird world will solve challenges, such as large-factor factoring or molecular
simulations, that put classical computers in a sweat. So, we turn to the mathematical models that make sense of it all, the map that
shows the way through a quantum wilderness. Using models allow us to describe quantum states, create algorithms and predict
the behavior of these systems. In their absence: we are just groping in the dark.

However, quantum system modeling is not an easy task. But the math soon gets hairy-state spaces that grow as fast as
the population and equations that laugh in the face of our best computers. Noise and errors seep in, destroying delicate quantum
states, and designing models that include these troublesome real-world headaches is difficult to do. Also taking theoretical
concepts and making implementations in the form of an algorithm or application is similar to trying to create a rocket with only a
few screwdrivers. In this paper, we assume an analytical theoretical framework with which we dissect the mathematics underlying
quantum computing, revealing its weaknesses. But you can only cover problems up to a point. We will also look for the glimmers
of hope-the new modeling snafus and ideas that might actually take tentative steps toward viable quantum computing. And by
grappling with these problems-and imagining ways to solve them-we hope to illuminate the road to a future in which quantum
computers deliver their outlandish promise.

2. Analytical Theoretical Method
The analytical theoretical method involves constructing and analyzing mathematical models to derive insights without reliance on

empirical data or simulations. In this study, we:
Model Formulation
To make a mathematical model of quantum computing is like drawing a map of what seems to be a strange moving landscape.
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The foundational structures we begin with are Hilbert spaces, in which quantum states reside as complex vectors in high dimension
(exponentially large). For an n-qubit system that is 2"n-dimensional space, which is an analytical monster. Quantum gates tell us
how states evolve, modeled as unitary operators, and multi-qubit interactions are captured with tensor products. In order to
understand entanglement, we rely on concepts such as density matrices, or Schmidt decomposition for example. Tensor networks,
such as Matrix Product States have a compact expression of states with high complexity in complex systems. We are trying to boil
down quantum mechanics to equations we can actually contend with, be it the Schrodinger equation for state evolution, or the
Lindblad equation for systems that are noisy. The trick, however, is to balance accuracy and feasibility-oversimplify and you lose
the quantum wonder; overcomplicate and you are left with intractable mathematics. The math is within human reach: The objective
behind our formulation is to preserve the essential quantum behaviors-superposition, entanglement, and interference-while making
the math humanly analyzable, laying the foundation for a greater understanding of the capabilities and limitations of quantum
computing.

Analysis

With our models built, analysis is simply poking them to find out where they spark or where they shatter. With linear algebra, we
investigate the nature of quantum operators and state spaces, and see how accurately these describe real quantum systems. We can
use probability theory to understand the outcomes of measurements and the impact of noise, and toward the end we will learn how
decoherence destroys the computations by providing a way to characterize it. For example, we study the eigenvalues of unitary
gates to probe the stability of an algorithm, or measure entanglement with an entropy. Scalability is one of the main bottlenecks-
models that are true on small systems become completely false on bigger systems, due to the mathematical explosion of
computational needs. However, noise analysis through master equations indicates how performance is eroded by environmental
interference, but in these equations realism is sacrificed by idealizing the conditions to establish what happens theoretically,exports
a messiness about the world. For example, surface code, an error correction model, is challenged with whether it can support
multiple error types, which leads to gaps in predictions in fault tolerance. Through examining these limitations, we also recognize
fundamental flaws (like over-simplistic noise models or intractable state spaces) that restrict quantum computing in a real-world
context. This stage of analysis is essentially a level of brutal palm-reading of our models-identifying where exactly they fail and
for the reasons behind that in order to have a clear vision about how we can push our frameworks to be more complete solutions.
Synthesis

Synthesis: this is when we take the lessons learned from analysis and we use our dreams to imagine how to model quantum systems
better. We suggest the incorporation of more sophisticated mathematical tools to address the limitations identified. Such variational
methods provide one means to obtain quantum optimization by parameterizing quantum circuits and addressing smaller, classical
problems, alleviating the exponential complexity curse. By exploiting low-rank approximations, tensor networks can be optimized
for increasingly large, highly entangled systems, remaining analytically tractable[3]. We further investigate how to incorporate
machine learning with modeling, e.g., training neural networks to forecast noise profiles or identify sets of operations optimizing
a quantum algorithm, bridging the gap between analytical soundness and a computational one. They indicate new paths that
incorporate fault-tolerance into the physical realizations of fault-tolerant systems in a way that the systems are exquisitely robust
against error, in the sense that they can be modeled using knot theory in which local errors do not induce error in the encoded
information. Such advances address the discrepancy between aesthetic theory and practical application, making certain that models
are structurally valid as well as relevant to current quantum hardware. Synthesis, then, is creativity based on analysis-constructing
fresh architectures to pull quantum computing into the present, while directly confronting the scalability, noise, and error hurdles
that stand in the way of future progress.

This approach matches the situation in quantum computing, where highly resource-consuming experimental systems are
often explored and analyzed in light of reliable theoretical understanding.

3. Challenges in Mathematical Modeling

Scalability of Quantum State Spaces

The scalability of quantum state spaces represents a principal barrier to mathematical modelling, largely as quantum system
constituting dimensionality increases like an exponential function. We can represent a state vector of a quantum system with n n
n qubits in a 2n 2”n 2n-dimensional complex Hilbert space. This exponential scaling makes classical simulation impossible for
sufficiently large n n n where the state vector requires storage space on the order of O(2n) O(2”n) O(2n) and unitary
transformations need approximately O(4n) O(4”n) O(4n) resources for dense matrices.

The problem is compounded for systems with tensor product structure. The state space of n n n qubits is the tensor product
of individual qubit spaces, yielding a dimension of 2n 2”n 2n states (for instance, a 50-qubit system cannot be stored with less
than 250=1015 27{50} \approx 10"{15} 250~1015 complex amplitudes, which far exceeds classical computational capabilities).
When the number of qubits scales beyond these algorithms, the curse of dimensionality makes modeling the quantum algorithms
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(e.g. Shor’s or Grover’s) for larger systems harder.

Furthermore, the nonlocal correlations due to the entanglement makes it impossible to use separable approximations like
mean-field theories. Although the density matrix formalism is a generic method, it requires O(4n) O(4"n) O(4n) to store the matrix
and O(8n) O(8"n) O(8n) and more for performing operations such as partial traces, which can quickly exhaust computational
resources. Quantum Monte Carlo methods that sample probability distributions are frequently thwarted by the so-called sign
problem, whereby the presence of negative or complex phases in the quantum amplitudes renders efficient convergence
impossible.

For systems with bounded entanglement, alternative techniques such as matrix product states (MPS) or tensor network
techniques alleviate scalability problems. MPS are states with polynomially scaling bond dimensions for low-entangled ones,
leading to a memory scaling of O(nD*2) O(n D*2) O(nD2), where D D D denotes the bond dimension. Nevertheless, for highly
entangled states, the dimension D D D increases exponentially which puts a limitation on applicability.

To overcome scalability, variational quantum algorithms parameterize ansitze in low-dimensional manifolds, but they do not
guarantee convergence to the ground state, and optimization landscapes are often plagued by barren plateaus. While classical
shadows and randomized measurements provide partial solutions to the problem by allowing observables to be estimated with
smaller numbers of samples, noise and decoherence present in near-term quantum devices makes modeling exact experiments
challenging.

In any case, the exponential complexity of quantum state spaces requires hybrid quantum-classical approaches or entirely new
mathematical constructs to enable scalable, accurate modeling in quantum computing that can be applied to practical problems.
Noise and Decoherence

The appearance of noise and decoherence severely hinders mathematical modeling of quantum systems because it destroys the
quantum states coherence. Environmental interactions, described as a quantum system interacting with a bath, cause decoherence
and lead to non-unitary evolution. The density matrix of our system ( \rho ), which evolves according to Lindblad master equation
(\frac{d\rho} {dt} =-\frac{i} {\hbar} [H, \rho] +\sum kL k\rho L k™dagger - \frac{1}{2} {L k™dagger L k,\rho} ), comprises
of Hamiltonian ( H ) and Lindblad operators ( L_k ) corresponding to different noise channels. It smears out the entanglement and
the coherence, converting pure states to mixed states, thus making state tomography harder.

Noise is generally modelled as stochastic perturbations which lead to errors in the quantum gates. For example, from
ideal unitary ( U ) for a single-qubit gate to a noisy channel ( \mathcal{E}(\rho) = \sum i K i\rho K i™\dagger ), where (K i)
are Kraus operators with (\sum_i K _i"\dagger K _i=1). Typical noise models — depolarizing or amplitude damping channels —
cause fidelity degradation with scaling error rates ( O(p) ) where ( p ) is the noise probability. In ( n )-qubit systems, errors
accumulate as ( O(n p) ) so that deep circuits break down [1]. Noise mitigation involves error correction, e.g., stabilizer codes,
that embed logical qubits in larger Hilbert spaces. Still, even fault-tolerant thresholds (usually ( p < 10~{-3} )) incur arbitrary use
of overhead by requiring resource scale as ( O(\text{poly}(1/p)) ). Error mitigation techniques such as zero-noise extrapolation
avoid the direct estimation of noiseless observables but exponen- tially increase sampling complexity.

Similarly, variational algorithms are also bottlenecked by decoherence and noise, where the gradient disappearance in noisy
circuits leads to a gradient estimation problem. While noise channels must be added in simulations to achieve accurate modeling,
doing so incurs an exponential cost ( O(4”n) ) for full density matrix evolution, revealing the need for strong mathematical
frameworks.

Error Correction Modeling

Quantum error correction (QEC) is crucial for large-scale and reliable quantum computing, but analytical models of such systems
are difficult to obtain. Quantum error correction (QEC) codes, for example surface codes, encapsulate quantum information by
encoding a logical qubit into hundreds or thousands of physical qubits and enabling the detection and correction of bit-flips or
phase-flips. On the other hand, mathematical models fail to capture the interaction of different error types, correlated errors, and
hardware imperfections such as gate infidelity. The analytical models typically make unrealistic assumptions-perfect
measurements, zero error rates, etc. which are not true in the real-world. As an example, is complicated, where researchers have
to solve complex probabilistic models to derive results, but these models are computationally intensive and sensitive to
assumptions about error distributions. Adding to the modeling complexity is the overhead of QEC, where logical qubits require
many physical qubits, thus necessitating the tracking of large, entangled systems. Current approaches also cannot incorporate real-
time error correction dynamics, thus limiting their predictive power for near-term noisy intermediate-scale quantum (NISQ)
devices. Here, we must create analytical frameworks that can help guide realistic yet tractable designs of quantum architectures
capable of enabling useful quantum computers that are simultaneously scalable and fault-tolerant.

Algorithm Optimization

The near-term potential of quantum computing hinges upon the optimization of quantum algorithms, but mathematical challenges

IJAESCML ¢ Vol. 2 * Issue 3 * July To September 2025 “



remain for the modelling for optimisation problem. Unitary transformations ranging in nature from sequences of quantum gates
for popular algorithms such as Grover’s search or the Variational Quantum Eigensolver (VQE) are called black-box unitary
transformations. The optimization landscape is non-convex, making analytically optimizing these sequences difficult, where the
goal is often to minimize circuit depth or maximize fidelity of the output state. Optimizing models, in high-dimensional parameter
spaces, can become non-trivial problems where local minima can trap optimization routines, leading to poor found solutions. For
hybrid quantum-classical algorithms, the interaction (in the form of quantum circuit evaluation and classical optimization, e.g.,
gradient descent) adds even more complexity, as it is difficult to predict convergence behavior with analytical models. Modern
frameworks are often heuristic or empirical in nature with no general principles of optimality. Furthermore, model should also
take into consideration hardware limitations, such as limited qubit connectivity or gate errors, which differ from platform to
platform. Because of the lack of powerful analytical tools that account for computational complexity, hardware limitations, and
algorithmic performance, we cannot always develop nearly optimal quantum algorithms or be sure that no such efficient quantum
algorithms exist, and thus there is a need for new, powerful mathematical strategies to fully unleash the power of quantum
computing.

Prospects for Mathematical Modeling in Quantum Computing

Variational and Hybrid Methods

Therefore, variational methods represent an interesting direction in mathematical modeling of quantum computing to represent

the complexity of quantum systems, and the hybrid quantum—classical approach. In these approaches, the quantum circuits are
parameterized such that they are described by a finite number of variables which may be optimized with conventional classical
algorithms such as gradient descents. Examples include the Variational Quantum Eigensolver (VQE) which approximates
molecular ground states using iterative estimates of circuit parameters, removing the need to model a complete Hilbert spaces.
Thus variation methods are both tractable, as they reduce the dimensionality of quantum problems, and analytically robust, suitable
for near term, noisy devices. They offer a way to observe how quantum algorithms behave when stacked, such as qubit limitation
and operational failure. These models leverage quantum state preparation and classical optimization to achieve a computational
cost-accuracy tradeoff, making it possible to analyze systems that would be otherwise prohibitively large to study. Variational
methods also have made a point of themselves in how to adapt the methods to the actual hardware, which makes them even more
practical [4]. While we have made big strides forward in such methods, as research matures, these models should be refined to
operate over more parameters and non-convex objectives leading to new applications, from quantum chemistry to optimization
issues, ultimately making variational methods a foundation for scalable quantum modeling.

Tensor Network Techniques

Using tensor network methods for modeling quantum computing is a promising direction, since the state spaces of quantum states
have exponential complexity. These approaches express quantum states as a network of connected tensors allowing one to
decompose high dimensional Hilbert spaces into interpretable lower dimensional structures. Specifically, a (2”n)-dimensional
state vector for an (n)-qubit system is approximated by a tensor network, like matrix product states (MPS) or projected entangled
pair states (PEPS), with complexity scaling polynomially in bond dimension (D).

MPS (suitable for one-dimensional systems) have a representation of states in the following form ( |\psi\rangle =
\sum_{{i_k}} \text{Tr}(A"{i_1} A*{i 2} \cdots A*{i_n})|i_li 2\cdotsi n\rangle), where (A"{i_k} ) are site-dependent tensor
expressed in the local basis. We have a scaling of the memory as ( O(n D*2) ) to control the accuracy given by the bond dimension
( D), allowing for a very computation-efficient simulation of low-entangled states. PEPS generalize MPS to 2D (or higher-
dimensional) systems with tensors connected in a lattice, with a computational cost of (O(D*{10}) ) for contractions.

Tensor networks are particularly good at representing ground states of local Hamiltonians by variationally optimizing for minimal
energy ( E =\langle \psi | H | \psi \rangle ). Methods such as the density matrix renormalization group (DMRG) are extremely
accurate for gapped systems, going as close to the ground state as (O(1/D)). Time-evolving block decimation (TEBD)
approximates time evolution ( e"{-iHt} |\psi\rangle ) for dynamical simulations, maintaining polynomial complexity for short
time. Highly entangled states, where ( D ) scales exponentially, and critical systems with long-range correlations present challenges
however. This said, quantum algorithms, error-correction and so on can scale through tensor networks based on Liouville space,
providing a powerful structure to push forward towards quantum simulations .

Machine Learning Integration

The work done in this work represents an exciting opportunity to combine machine learning (ML) with classical mathematical
modeling in order to augment existing analytical frameworks with new, data-driven insights in the context of quantum computing.
Because the behavior of quantum circuits-the very same circuits used to develop quantum models-can prove too complex for
purely analytical methods, ML can be employed to optimize quantum models by identifying patterns in quantum circuit
performance or noise characteristics.

IJAESCML ¢ Vol. 2 * Issue 3 * July To September 2025



An example of this are neural networks predicting gate parameters for specific algorithms, like Quantum Approximate
Optimization Algorithm (QAOA), minimizing the amount of analytical searches done for them. Machine Learning (ML) has been
used to reconstruct states from measurement data in quantum state tomography, offering more efficient reconstruction than
traditional methods. This is because idealized equations such as the Lindblad model fall short, whereas the noise predictions of
MLaugmented models can be learned from experimental data in an analytic fashion. Such a hybrid combines the high fidelity of
mathematical modelling and the flexibility of ML to provide a closer representation of true quantum hardware. For instance, as
ML techniques grow to be more elaborate, this class of methods may nicely stroll hand in hand with variational methods or tensor
networks, famous for his or her capability to suffice as scalable choices for modeling and algorithm design and error mitigation
as nicely. Combining quantum and Al is likely to deliver effective quantum computing sooner, due to the predictive power and
freedom from the intricacies of live implementations.

Topological Quantum Computing

Topological quantum computing (TQC) offers a fundamentally transformative approach to mathematical modeling by utilizing
topological stability to reduce system error susceptibility. In topological quantum computing (TQC), quantum information is
written in anyons, quasi-particles that have operations of braiding that perform the computations. The operations are described in
these mathematical structures, for example knot theory and topological invariants, which are robust by nature against local errors.
TQC topologies simplify error correction at the analytic level by emphasizing global rather than qubit-wise properties, which
further eases the complexity of fault-tolerant modeling. For instance, Jones polynomials can be used to describe the braiding of
Majorana fermions in topological qubits, thus providing a novel approach for the analysis of quantum gate fidelity. These are very
appealing for scalable quantum computing because they need less physical resources than commonly known error correction codes
(e.g., surface codes). Now, researchers are sublating these models with more detailed input to tackle realistic limitations, including
those associated with anyon generation and manipulation in actual materials. TQC modeling could revolutionize quantum
computing by offering the simple yet miracle-like capabilities of reliable quantum computations in noisy environments, and also
serving as a theoretical design guide for the next-generation quantum architectures in a mathematically less complex and
physically more sound framework.

Conclusion

Mathematical modeling in quantum computing represents a double-edged sword. This is the tool we apply to quantum systems-
these unruly, rule-breaking beasts that are going to change computing. The tak curb u but bi t as infoatters mat here or it social.
Scalability is a monster, and statespace grow exponentially faster than we have time to think. Noise and decoherence are gremlins
destroying quantum states-and they oftentimes grow faster than the models’ ability to predict them. Even if error correction is a
great idea, in practice, it runs into the far messier reality of imperfect hardware. And optimizing algorithms? That's like trying to
sync a guitar in a tornado. These are not merely academic hurdles- they represent the sentinels demarcating the domain of the
quantum dreams of today and the reality of tomorrow. However, the scenarios we have discussed emanate a glimmer of hope.

Variational methods are a kind of hack that allow us to deal with otherwise complex settings. The tensor networks turn
out to be a smart hack, providing a compression of quantum chaos into something we can get our arms around. Enter machine
learning, identifying the kinds of patterns that would get lost in pure math. Secondly, when you think of all these knotty error-
proof ideas in topological quantum computing, it does feel like all this is from the future. Through the analytical theoretical lens
we have beneath these barriers and opportunities exposing what is preventing us and what can spur us forward. The bottom line
is obvious: modeling is where quantum computing progress lives and where it must grow. So we cannot huddle in the ivory tower
of theory-these models must come out and meet the world, they must align with experiment and face the fires that test their mettle.
We can erode the barriers with our new variational tricks, tensor networks, ML smarts, and topological wizardry. There is a long
way until we will have practical quantum computers, but we have to go step by step, and with every step we are improving our
models are bringing us closer. It hints at a future where quantum computing is no longer just a toy to be played with in the hands
of a theorist, but a tool that will revolutionize the practical ways we go about tackling the most difficult problems facing our world.
Continue to model; continue to push forward- the quantum leap is almost here.
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