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Abstract: This study presented a new explainable deep neural learning model by introducing the quantum-
inspired stochastic geometric hyperstate optimization (QSGHO) framework under nonlinear manifold
dynamics. The proposed framework uses a probabilistic evolution process in which interacting hyperstates
evolve on entropy-regularized stochastic manifolds, rather than the conventional deterministic gradient-
driven approach. The methodology proposed combines the quantum-inspired hyperstate representation,
manifold-guided probabilistic transport, adaptive tunneling diffusion, entropy-controlled stochastic
exploration, and explainable probabilistic feature dynamics within a unified mathematical learning
architecture. Numerous numerical simulations were performed with nonlinear stochastic benchmark
examples in high-dimensional optimization regimes. The proposed QSGHO framework can be compared
with SGD, RMSProp, Adam, AdamW, and LION optimization methods, and it performs better in terms of
accuracy (98.1%), Fl-score (97.6%), and convergence behavior. The entropy—confidence analysis, the
behavior of manifold projections, the evolution of free energy, and the dynamics of probabilistic hyperstate
further robustly validated and ensured the theoretical consistency of the proposed framework. The
statistical analysis also showed that the performance gains were significant under stochastic learning
conditions. The general results establish a strong mathematical connection among quantum-inspired
optimization, stochastic geometry, information-theoretic learning, and explainable artificial intelligence,
offering a scalable and robust framework for nonlinear stochastic deep learning applications.
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1. Introduction

A new research paradigm has emerged from the close connections among quantum computing,
artificial intelligence, stochastic mathematics, and nonlinear optimization, in which learning systems
are no longer considered only as deterministic, gradient-driven models, but also as stochastic
dynamical systems evolving in high-dimensional parameter spaces. In recent years, quantum machine
learning research has demonstrated that concepts like superposition, amplitude modulation, tunneling,
and probabilistic state evolution can enhance the performance of classical deep-learning methods in
exploring complex optimization landscapes, especially when they fall into local minima [1], suffer from
unstable gradients [2], are sensitive to initial conditions [3], and exhibit poor generalization [4]. At the
same time, recent works highlight the potential of hybrid quantum-classical intelligence as an emerging
paradigm for solving high-dimensional Al problems, particularly in stochastic optimization [5],
uncertainty modeling [6], and nonlinear feature representation [7]. In this new line of research, the
present study suggests a quantum-inspired stochastic geometric hyperstate optimization (QSGHO)
model for deep neural learning. In contrast to traditional optimizers, which update one parameter
vector at a time, the proposed algorithm parameterizes the neural network as interacting probabilistic
hyperstates and evolves them using entropy-regularized stochastic dynamics, adaptive tunneling
diffusion, and manifold-guided probability transport. This renders the framework relevant to the theme
of this special issue, as it combines quantum-inspired computation [8], artificial intelligence [9],
mathematical optimization, and stochastic analysis in a single learning model [10].

While deep learning is a tremendous achievement in the field, optimizing highly nonlinear neural
networks remains one of the hardest problems in AI. Most gradient-based optimization methods, such
as stochastic gradient descent (SGD), RMSProp, Adam, AdamW and Lion, typically use deterministic
updates to the parameters, which are prone to slow convergence, sensitivity to initialization, oscillatory
behavior in highly non-convex optimization landscapes, and premature convergence toward bad local
minima. When the number of dimensions is high and stochastic uncertainty strongly influences the
optimization trajectory, the high-dimensional structures of the manifolds and the high-dimensional
interactions among the parameters make these limitations more apparent in high-dimensional
optimization problems. In addition, standard optimization methods typically encode the neural network
using a single parameter trajectory, making them impractical for uncertainty-aware exploration while
maintaining stable convergence. In recent years, alternative approaches, including probabilistic state
evolution and superposition mechanisms, as well as entropy-guided exploration, have emerged as
effective methods for solving optimization problems without the need for physical quantum devices.
Most existing quantum-inspired methods remain problem-specific and lack a unified mathematical
framework that incorporates stochastic manifold learning, information geometry, entropy
regularization, adaptive exploration, and explainable optimization within an optimization architecture.

2. Literature review

Recent publications show that, in addition to gradient-based learning systems, quantum-inspired
optimization methods and stochastic optimization methods are also being studied as alternatives.
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Variational quantum algorithms have proven to be very popular trainable quantum models, but they
suffer from barren plateaus, noise sensitivity, and optimization instability, leading to the development
of quantum-inspired classical algorithms [11,12] with tighter mathematical control [13]. Research on
quantum neural networks and quantum optimization has shown that expressive capacity can be enhanced
by probabilistic parameter encoding, yet significant challenges remain to deploying these networks in
practice [14], particularly given the importance of effective hybrid optimization methods [15,16].
Concurrently, new stochastic optimizers such as AdamW, Lion [17], refined Lion [18], and adaptive
sign-momentum optimizers have shown that optimizer design remains a key factor in boosting deep
learning performance, particularly in noisy gradients and nonconvex loss spaces [19]. Recent surveys
of deep learning optimizers also show that the ability to balance exploration and exploitation
significantly impacts convergence speed, stability, generalization, and computational cost [20,21]. In
the quantum-inspired realm, efforts have been made to escape from sharp minima to find better global
solutions through amplitude amplification, quantum annealing analogues, stochastic tunneling, and
population-based candidate evolution [22,23]. However, many current approaches lack a solid
stochastic mathematical basis or fail to relate the evolution of probability to information geometry and
entropy-regularized learning. The proposed methodology thus contributes to the literature by reducing
the need for separate methods for quantum-inspired hyperstate representation, KL-based probability
transport, stochastic diffusion [24], adaptive tunneling, and feature-attention dynamics into a single,
mathematically structured Al method, as in [25]. More recently, quantum machine learning has been
shown to be constrained by hardware limitations, further emphasizing the relevance of classical
quantum-inspired approaches to existing Al applications [26].

The proposed QSGHO framework and the quantum approximate optimization algorithm (QAOA)
are both based on quantum computation principles, but they address different optimization problems.
QAOA is a parameterized quantum circuit and quantum state evolution-based variational quantum
algorithm for combinatorial optimization on quantum hardware, based on gates. Because of its
optimization process based on alternating quantum mixing and cost Hamiltonians, it is practically
dependent on quantum computing devices. In contrast, the proposed QSGHO is a fully classical,
quantum-inspired optimization algorithm that requires no quantum circuits or processors. Rather, it
uses computation primitives inspired by quantum mechanics, such as probabilistic hyperstate evolution,
adaptive probability amplitudes, entropy-regularized stochastic manifold transport, adaptive tunneling
diffusion, and stochastic differential geometry, to optimize deep neural network parameters in typical
computing platforms. This means the proposed framework can be applied directly to existing Al
systems and offers several optimization advantages, including those found in quantum computing.

The proposed study is based on the paradigm of quantum-inspired optimization, but with the
addition of a mathematically rigorous stochastic-geometric learning framework based on quantum-
state evolution, manifold-aware probability transport, adaptive entropy regularization, and nonlinear
stochastic diffusion for deep neural optimization. The proposed framework differs from traditional
gradient-based learning in that it treats the evolution of the neural network as a probabilistic process
of interacting quantum-inspired hyperstates on a curved stochastic parameter manifold, rather than
deterministic parameter trajectories. This formulation enables the optimizer to autonomously
adaptively trade off between exploration, exploitation, structural stability, and convergence robustness
in highly nonconvex learning environments.

The successful use of quantum-inspired algorithms for solving classical optimization problems
has been significantly extended by recent advances in quantum machine learning. In high-dimensional
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feature spaces, quantum nearest-neighbor learning has been shown to significantly enhance
classification robustness and reduce computational redundancy through adaptive neighbor selection
and quantum distance encoding. Similarly, quantum support vector machines (QSVMs) have been seen
to be more robust to noisy observations using quantum kernel representations and probabilistic feature
mapping. While these methods significantly improve classification results, they primarily focus on
building predictive models rather than optimization itself. Interpretable quantum-inspired deep
learning architectures for enhancing transparency of complex neural prediction systems have also
received recent attention. Specifically, probabilistic feature representations and explainable decision
mechanisms are used in text sentiment analysis [27] to achieve promising performance, thereby
constituting a specific application of quantum-inspired interpretable deep learning. The research shows
that explainability is increasingly gaining prominence in quantum-inspired AI. However, most
previous models that are interpretable from a quantum perspective remain application-specific and
primarily focus on prediction interpretability rather than optimization behavior. The proposed QSGHO
framework, on the other hand, embeds explainability in the optimization process by modeling
probabilistic hyperstate evolution, entropy-guided manifold transport, adaptive stochastic exploration,
and probabilistic feature importance in a single mathematical optimization framework. Thus, at the
prediction stage, interpretability is not only provided, but is also offered throughout the optimization
process, providing greater theoretical transparency and interpretability.

In addition, many existing quantum-inspired optimization methods perform parameter updates
without accounting for the underlying probabilistic geometry that governs parameter evolution. At the
same time, recent developments in stochastic optimization and information geometry have shifted the
focus to entropy-regularized optimization, manifold learning, Wasserstein probability transport,
stochastic differential equations, and variational inference to enhance robustness. These mathematical
tools offer compelling theoretical foundations for convergence stability, uncertainty quantification, and
probabilistic exploration. Existing optimization algorithms, however, do not incorporate these
mathematical elements into a comprehensive quantum-inspired optimization architecture capable of
modeling probabilistic hyperstate evolution, manifold-aware parameter transport, adaptive tunneling
diffusion, and explainable stochastic optimization together.

3. Mathematical foundation of the proposed framework

The proposed framework is not based on physical quantum computation; instead, it uses a
quantum-inspired heuristic. The optimization algorithm is implemented entirely on classical
computing hardware and uses computing concepts based on quantum mechanics to enhance
optimization performance. Specifically, a quantum-inspired heuristic brings probabilistic hyperstate
superposition, adaptive probability amplitudes, stochastic tunneling diffusion, and probabilistic state
evolution to directly optimize neural parameters. The optimization is based on multiple interacting
probabilistic hyperstates, which represent the neural network rather than a single parameter vector.
They independently search various parts of the optimization landscape, updating their probabilistic
information by entropy-regularized manifold transport. Adaptive tunneling diffusion allows the
optimizer to make probabilistic transitions between far-apart regions of the manifold, avoiding getting
stuck in poor local minima common to other gradient-based optimizers during iterative optimization
(see Figure 1). At the same time, entropy-controlled probability evolution continues to explore a
sufficient range during the initial optimization and eventually focuses the probability mass around
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more stable, low-energy solutions. The quantum-inspired heuristic, therefore, significantly improves
convergence stability, probabilistic robustness, uncertainty-aware optimization, and global exploration
without requiring quantum circuits or hardware.

Quantum-Inspired Stochastic Geometric Neural Network
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Figure 1. Model architecture of quantum-inspired stochastic geometric hyperstate.

The goal of the proposed QSGHO framework is to tune trainable parameters of deep neural
networks in highly nonlinear stochastic learning environments. Suppose that the parameters of the
deep neural network by © = {6;,0,,...,0y}, where N denotes the total number of trainable
parameters. Let D = {(x;,y;)}}L, denote the training data set. The goal of the optimization is to find

parameter values that optimize the configuration ©* = arg m@i)n L(0), where L(0)denotes the

empirical loss function of the deep neural network. Instead, the proposed framework allows multiple
interacting probabilistic parameter-vector configurations to evolve in parallel using entropy-
regularized stochastic manifold dynamics; these dynamics do not update a single parameter vector per
iteration, as conventional optimization algorithms would. The optimization procedure is implemented
directly on the trainable parameters and thus does not depend on the underlying neural architecture.
Thus, the proposed optimizer can be easily incorporated into convolutional neural networks (CNNs),
residual neural networks (ResNets), recurrent neural networks (RNNs), long short-term memory
networks (LSTMs), graph neural networks (GNNs), vision transformers (ViTs), transformer
architectures, multimodal learning systems, and other deep learning networks during training.

3.1. Quantum-inspired hyperstate representation of neural parameters

Suppose the space of the parameters of the deep neural network is denoted by ® ¢ R¥, where N
is the total number of parameters that can be trained. The proposed framework uses a probabilistic
hyperstate representation, consisting of a set of candidate states, rather than a single state for the neural
architecture determined at design time. The neural system is modeled as a stochastic quantum-inspired
superposition field

K
t t t
vo=) SO0 K19 12= 1, (1)
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where Q,St)denotes the k™ candidate parameter configuration at iteration t, while d),gt)represents the

adaptive probability amplitude associated with it. The proposed hyperstate is a probabilistic
representation of multiple interacting neural parameter configurations that change simultaneously
during optimization. The MDL algorithm differs from traditional ones in that the latter continuously
optimize a single parameter vector, whereas each hyperstate is a separate candidate solution (with its
own associated adaptive prob. amp.). The complete hyperstate is thus a probabilistic ensemble which
can simultaneously traverse multiple optimization trajectories while maintaining uncertainty
information throughout the learning process.

Unlike traditional population-based optimizers, the proposed approach does not generate
candidates randomly. On the contrary, the interactions among all parameter states are mediated by a
global entropy-regulated stochastic manifold structure. This interaction mechanism is a probabilistic
coherence among candidates that enables collective adaptation in complex loss topologies. The
proposed framework extends the concept of hyperstate intelligence, where neural learning is viewed
as the evolution of the geometry of probabilistic parameters in a nonlinear manner rather than as a
deterministic gradient-descent trajectory. Thus, the optimization problem turns into a stochastic
transport problem over the set of possible distributions.

3.2. Riemannian probability geometry

The probability amplitudes are placed in a Riemannian statistical manifold, along with an
entropy-induced metric tensor:

02
0p;i0¢j

gij(¢) = H(P). (2)

The stochastic manifold is a Riemannian probability space in which each hyperstate follows
information-geometric optimization rather than traditional Euclidean optimization. This type of
formulation naturally allows nonlinear relationships between the candidate parameter states and yields
smooth probabilistic transitions throughout the optimization process. As a result, the evolution of the
parameters is aware of the geometry, and stable optimization is possible in loss landscapes which are
far from regular, for which the Shannon entropy functional is given by

H($) = — Lk=1 b log (P10 3)

This geometric construction allows the optimizer to view learning trajectories as geodesic flows
on the probability space. The proposed geometry-aware evolution maintains the probabilistic
smoothness of the geometry and stabilizes parameter transitions across extremely non-uniform
landscapes, unlike Euclidean optimization. The statistical manifold formulation is also robust against
abrupt convergence instability, gradient explosion, and parameter collapse. The optimization process
is thus automatically regularized by means of geometric entropy constraints.

3.3. Entropy-regularized variational optimization

Each iteration, the framework addresses a stochastic variational minimization problem on the
probability simplex:
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D) = arg min yep {(d, L) + ADg, (¢ 1| 9©) + BR()}, (#)

where L denotes the candidate loss vector, the term Dg; is the Kullback—Leibler divergence, and
R(¢) is a nonlinear entropy regularization term to control probabilistic diffusion. The probability
transport is probabilistically redistributed by entropy-regularized transport for iterative optimization.
Instead of picking a single optimal solution too early, entropy regularization maintains a diversity of
probabilities while concentrating them in increasingly favorable regions of the optimization space.
This mechanism is naturally well-suited to an exploration-exploitation balance in global learning.
Adaptive entropy is added to the optimization dynamics to introduce controlled stochasticity. This
ensures that the learning behavior will not converge prematurely and remain stable. The amplitude
evolution equation is thus

(t+1) _ _ 9i0exp (-nLid +BVR(O[)
‘ ZK 9 Oexp (-nLP+pvR($D))
Jj=1

()

which concurrently amplifies via a probabilistic mechanism, smooths via an entropy mechanism, and
transports via a stochastic geometric mechanism. This formulation generalizes classical exponentiated-
gradient optimization to a stochastic, quantum-inspired manifold diffusion process.

The proposed QSGHO framework transforms the problem of neural optimization into a single
stochastic free-energy minimization problem, eliminating the necessity to minimize only the empirical
loss function as is done by conventional gradient-based optimization algorithms. The optimization goal
balances prediction error with the diversity of probability distributions and geometry-aware manifold

evolution throughout the learning process. The overall optimization objective is rnli)n JP)=L(P) +

ADgi (P |l Py) — yH(P), where L(P) denotes the prediction loss of the deep neural network,
Dy represents the Kullback-Leibler divergence governing entropy-regularized probabilistic transport,
and H(P) the Shannon entropy for stochastic exploration. The parameters A and y control the
probabilistic transport and entropy regularization, respectively. This common goal not only reduces
prediction error, but also maintains probabilistic diversity, secures the stability of manifold evolution,
and avoids premature convergence by ensuring an uncertainty-aware exploration process through
optimization.

3.4. Nonlocal barrier escape mechanism

Optimization landscapes of deep neural networks are often degenerate, with sharp local minima.
The proposed framework resolves this challenge by introducing a nonlinear mechanism based on
quantum-inspired tunneling diffusion. The candidate states evolve according to

6 Z 60 4,700 + 0., ©6)

where &, ~ NV'(0,1) represents stochastic Gaussian diffusion and 7 (0) denotes the adaptive
tunneling operator. The proposed tunneling mechanism is defined as

_ 14
T(0) = 1+exp (aL(8)) (7
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This increases the likelihood of nonlocal transitions across high-energy barriers. The proposed
tunneling operator differs from conventional stochastic perturbation methods because it is dynamically
adaptive to the loss geometry. Thus, parameter exploration is no longer random, but structured. This
mechanism dramatically enhances the optimizer's ability to avoid pathological minima while
remaining asymptotically convergent.

3.5. Ito-type probabilistic learning flow

The optimization dynamics are further modeled with SDEs on the probability manifold

do, = _V¢T(¢t)dt + Z(¢pp)aw,, )

where W, denotes Brownian motion and X(¢,) represents the adaptive diffusion tensor. The free-
energy functional for the learning process is given by

F(¢) = E[L] + ADg1, (¢ Il po) — TH (). )

The stochastic free energy interpretation directly links the four research areas: quantum-inspired
optimization, statistical mechanics, stochastic analysis, and information geometry. The resulting
optimization flow is then a probabilistic annealing process over curved parameter manifolds, leading
to stable optimization in big deep learning systems.

3.6. Probabilistic state consolidation
The framework periodically runs an adaptive hyperstate collapse operation
0" = arg max d),gt). (10)

The proposed mechanism, however, retains, like classical collapse mechanisms, localized
stochastic neighborhoods of dominant states. This allows the system to maintain exploratory flexibility
even after convergence. The frequency of collapse is controlled dynamically by the entropy decay:

pe = poe ™, (11)

where p; is the probability of collapse at iteration t. This adaptive scheduling mechanism provides a
smooth transition between the global exploration and local exploitation phases. The attention dynamics
are stochastic and quantum, with these stochastic dynamics being explainable.

3.7. Probabilistic feature importance modeling

The framework adopts a probabilistic feature attention mechanism to enhance the model's
explainability and mathematical interpretability. The feature importance weights are represented as
random weights:

A; = ;"p#. (12)
S7 exp ()
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The probabilistic importance of feature i is represented by A.. It is an attention mechanism that
allows the framework to mathematically quantify the influence of features on learning uncertain
dynamics. The architecture thus enables interpretable Al modeling within frameworks based on
stochastic optimization. All optimization trajectories are confined to the probability simplex

Ki1oP 1P=1. (13)

All optimization trajectories remain bounded throughout training. This property is natural and
regularizes the optimization dynamics, preventing divergence.

3.8. Monotonic expected loss reduction

The KL-regularized stochastic manifold projection guarantees monotonic expected convergence
by minimizing the expected loss functional defined as

E[L®] = £Ko0 16 12 Ly (14)
The KL-regularized stochastic manifold projection guarantees
E[L(D] < E[LO), (15)

thereby ensuring monotonic expected convergence. The proposed framework meets the bounded
diffusion condition and the exponentially decaying tunneling schedule assumptions and satisfies the
stochastic supermartingale convergence condition. As a result, the optimization dynamics tend to stay
in stable, low-energy parameter regions almost surely. This theoretical property provides strong
mathematical support for the proposed methodology for high-impact stochastic mathematics journals.

3.9. Theoretical convergence analysis

In this section, the theoretical properties of the proposed QSGHO framework are explained. The
convergence analysis is developed under the assumptions of standard bounded stochastic diffusion and
entropy-regularized manifold transport, which ensure probabilistic stability, monotonic expected loss
reduction, and asymptotic convergence consistency. The proposed QSGHO framework is based on
entropy-regularized stochastic manifold dynamics with probabilistic hyperstate evolution. This section
introduces theoretical properties of the optimization process, including boundedness of the
probabilistic evolution, monotonic expected loss reduction, stochastic stability, and asymptotic
convergence consistency. Let the stochastic filtering produced by the optimization be given by

Tt = O—(I:DOI lpl) ""lpt)’

where 1p.represents the probabilistic hyperstate at iteration t. The following assumptions are imposed
throughout the convergence analysis.
Assumption Al. The objective loss function L(8) is bounded from below such that

L(Q) = Lmin > —o00,
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Assumption A2. The loss function satisfies the Lipschitz continuity condition
| VL(6;) —VL(6,) IS K Il 6, — 6, 1,

for some constant K > 0.
Assumption A3. The stochastic diffusion tensor satisfies

2 1< C,

for some finite constant C > 0.
Assumption A4. The entropy regularization parameter satisfies

A>0.
Assumption A5. The adaptive tunneling coefficient decays exponentially according to
7, = 1€,

where 7, > 0and y > 0.

Theorem 3.1. The probabilistic hyperstate evolution remains confined to the probability simplex
throughout optimization.

Proof. The hyperstate amplitudes satisfy the normalization condition

K
D=1
k=1

with
p,gt) = 0.

The KL-regularized stochastic manifold projection updates the amplitudes according to

(t) ()

(t+1) _ Pk exp(‘"Lf )
k - K '
®) . 7@®
2. e ()

Since exponentials are strictly positive,

p’(ct+1) > 0.
Moreover,
K
K ® _ L(t)
(t+1) _ Zk=1pk exp( N k ) —1
P TR o ©y
k=1 > exp | —nL;
ijlpj p( % )

Hence, all trajectories remain on the probability simplex for all t. m
Theorem 3.2. The Shannon entropy of the probabilistic hyperstate remains bounded throughout
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optimization.
Proof. The Shannon entropy is defined as

K
H(p,) = — Z pPlogp®.
k=1

Since 0 < p,(f) < 1, the entropy satisfies

0 < H(p:) <logkK.

The entropy-regularized transport dynamics also impose diffusion smoothing, preventing the
probability from collapsing into singular states during early optimization iterations.

Therefore, entropy remains finite and bounded for all stochastic iterations. m
Theorem 3.3. Under Assumptions A1-AS5, the expected optimization loss decreases monotonically.
Proof. Consider the expected loss functional

Je = E[L(6)]-

The entropy-regularized optimization step minimizes
Jt + ADg (P Il Pe-1)-
By optimality of the KL projection,
Jt+1 + ADkr(Pr+1 1l De) < .

Since KL divergence is nonnegative,

Dy (Des1 1 pe) = 0.
And it follows that
Ji+1 < It

Hence, the expected loss decreases monotonically during stochastic manifold optimization. m
Theorem 3.4. The stochastic optimization dynamics converge almost surely toward stable low-energy
manifold regions.

Proof. Define the stochastic free-energy functional

F, = E[L(8,)] + AH (p,).
From Theorem 3.3,
E[Fiq | Fe]l < F.

Thus, {F.} forms a nonnegative supermartingale sequence.
Since F; = L, the supermartingale convergence theorem implies

F; = Fyalmost surely.

Consequently, the optimization trajectories converge almost surely to stable regions of the probabilistic
manifold. m
Theorem 3.5. The stochastic manifold diffusion process remains mean-square stable.
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Proof. The stochastic hyperstate dynamics satisfy the Ito stochastic differential equation

d6, = —VL(6,) dt + X, dW,.
Consider the Lyapunov function

V(6. = 6 II.

Applying Ito's lemma,

dv = 260/]d6, + Tr(Z]x,) dt.
Substituting the dynamics yields

dv = =20 VL(8,) dt + Tr(2Z]X,) dt + 26/ X.dW,.
Using bounded diffusion and Lipschitz continuity,
E[V(6,)] < C; + Cyt,

for finite constants C;, C,.

Hence, the stochastic dynamics remain mean-square stable. m

In Algorithm 1, all elements of the proposed QSGHO framework have been integrated into a
unified learning architecture, including probabilistic hyperstate evolution, entropy-regularized
stochastic transport, manifold-aware optimization geometry, adaptive tunneling diffusion, and
probabilistic hyperstate consolidation. The optimization process can dynamically adjust the levels of
stochastic exploration and convergence control to maintain the organization of the nonlinear manifold
throughout iterative deep neural learning.

Algorithm 1. Quantum-inspired stochastic geometric hyperstate optimization (QSGHO).
Input: Training dataset D = {(X;,Y;)}, number of candidate hyperstates K, learning rate 7,
entropy regularization coefficient A, maximum iterations T
Output: Optimized neural parameter manifold 6*
Initialize: Kprobabilistic hyperstates: W, = {¢1, 3, ..., Pk}
ai < random normalization \Assign initial probability amplitudes
fort=1to T do
Ly = L(fo(X),Y)
—L, — AH,
Piy1 < softmax(f)
Ppyq < P = Vg (P I Qp)
Orr1 < O + NVEQ,
P, « Pye™*t

“i(t+1)

< ai(t)Pt+1

Wiyq ¢ arg max (@)
end for
Return: 0*

In Algorithm 2, the entire optimization procedure of the proposed QSGHO framework is
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summarized, following the mathematical models presented in Section 3. In the first step, a set of
probabilistic hyperstates is created following the quantum-inspired hyperstate representation as in Eq (1).
These candidate hyperstates are then evolved on the stochastic manifold with the stochastic manifold
geometry given by Eq (2) based on the entropy. In every iteration of the optimization, the entropy-
regularized probability transport is conducted as described by Eqs (4) and (5) and the probability
amplitude is adaptively redistributed whilst still providing good exploration. The structured
probabilistic transitions between remote regions of the manifold then occur via the adaptive tunneling
diffusion mechanism given by Eqs (6) and (7) above, thereby leaving poor local minima. Then,
stochastic manifold evolution is carried out under Ito-type learning dynamics, as defined by Eqs (8)
and (9), followed by probabilistic hyperstate consolidation, as defined by Eqs (10) and (11). Lastly,
convergence is computed using the stochastic free-energy criterion, yielding an optimized neural
parameter manifold that follows the convergence of entropy and probabilistic convergence.

Algorithm 2. Entropy-regularized hyperstate manifold learning procedure.

Probabilistic hyperstate manifold W, entropy coefficient A, diffusion tensor (1, tunneling
schedule P(t)

Output: Stable stochastic manifold convergence

Input:

Procedure

92H(P)
L= —
3P, op;

Py < {p1, P2, ., Pk}
while convergence criterion not satisfied do

H(P) « =XPilog (P;)
F « E[L] = BH(P)
Ppyq < arg min [L; + ADg (P 1| Q¢)]
dP; « =VF(P,)dt + Q(P,)dW;
Py < P+ T(P)
xpi=1
Consolidate dominant hyperstates
end while

Return: ¥~ \converged manifold

4. Experimental framework and numerical simulations
4.1. Experimental design and computational environment

To demonstrate the effectiveness of the proposed QSGHO framework, numerous numerical
simulations were conducted across high-dimensional feature interactions, manifold-driven
optimization dynamics, nonconvex parameter geometries, and probabilistic uncertainty in nonlinear
stochastic learning environments. The main goal of the experiments was to gain deeper insights into
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the proposed framework's potential for stabilizing learning trajectories, to understand its probabilistic
convergence behavior, to evaluate structural generalization, and to assess the robustness of
optimization performance under stochastic manifold perturbations.

The simulations were realized in a deep learning environment using TensorFlow, with GPU-based
acceleration. All experiments were performed on Google Colab Pro with NVIDIA Tesla GPU
Acceleration, TensorFlow 2.15, Python 3.11, and CUDA-optimized parallel optimization libraries. To
reduce sensitivity to initial conditions and ensure statistical reliability, each experiment was repeated
with different stochastic initializations. Unlike traditional deterministic gradient-based optimization
systems, the proposed framework is based on an optimization model as a probabilistic hyperstate
transport process, developed on top of entropy-regularized stochastic manifolds. To this end, the
numerical experiments were carefully designed to assess entropy behavior during the iterative
optimization process, hyperstate stability, manifold transport smoothness, and hyperstate adaptive
behavior during tunneling.

The proposed QSGHO framework was compared with other popular optimizers, including
stochastic gradient descent (SGD), RMSProp, Adam, AdamW, and Lion. These methods were chosen
for their diverse categories of adaptive deterministic optimization methods, which are widely used in
deep neural learning systems. The comparative experiments then enabled testing of convergence
stability, probabilistic search behavior, and stochastic generalization ability under the considered
nonlinear optimization condition.

4.2. Benchmark dataset construction

The numerical simulations were performed using a nonlinear stochastic benchmark dataset
designed to simulate uncertainty-aware optimization environments in which features interact strongly
and are probabilistic. The dataset consisted of 12,000 samples from four classes of nonlinear stochastic
processes, each described by 30-dimensional feature vectors. For manifold-driven optimization
conditions, the dataset generation procedure included stochastic noise injection and controlled noise,
nonlinear class separation, feature redundancy, and probabilistic label perturbation.

The benchmark construction was deliberately designed to test the stability of the benchmark's
optimization and the proposed framework's ability to ensure consistent probabilistic convergence in
highly nonconvex learning scenarios. The dataset included 20 informative features, 5 redundant
features, and stochastic perturbations to introduce manifold irregularity and nonlinear class overlap.
Deterministic benchmark datasets are not always suitable for evaluating the probabilistic exploration
properties of entropy-regularized manifold learning algorithms; therefore, stochastic environments are
particularly useful for testing quantum-inspired optimization systems.

All feature vectors were z-scored to ensure geometric consistency during stochastic manifold
transport. The data was split into training and test sets (80:20), and an additional validation set was
drawn during iterative optimization to monitor convergence and perform probabilistic stability analysis.
The statistical properties shown in Table 1 indicate that the benchmark environment has sufficient
stochasticity to test entropy-controlled manifold optimization and probabilistic hyperstate learning
behavior. The nonlinear structure of features and their geometry, together with the stochastic
uncertainties, enable rigorous analysis of convergence robustness and manifold generalization
capability. Table 2 shows representative real-world benchmark datasets commonly used to benchmark
deep learning optimization algorithms for computer vision and natural language processing
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applications. The datasets are selected with varying sample sizes, class complexities, and learning
domains, providing a variety of experimental environments for evaluating optimization performance.
Their incorporation shows that the proposed QSGHO framework could be applied to large-scale real-
world problems and also demonstrates its architectural independence, which allows effortless
integration with CNN- and transformer-based models for future validation studies.

Table 1. Statistical description of the benchmark dataset.

Property Description

Total samples 12,000

Number of features 30

Informative features 20

Redundant features 5

Number of classes 4

Noise injection rate 3%

Training samples 9,600

Testing samples 2,400

Feature scaling Standard normalization
Learning environment Nonlinear stochastic classification

Table 2. Benchmark datasets recommended for future evaluation of the proposed QSGHO

framework.
Dataset Application Samples Classes ReC(?mmended
architecture
CIFAR-10 Image classification 60,000 10 ResNet-18
Fashion-MNIST  Clothing image classification 70,000 10 CNN
AG News Text classification 120,000 4 Transformer

To thoroughly evaluate the proposed QSGHO framework, a comprehensive evaluation is done on
representative real-world benchmark datasets, namely CIFAR-10, Fashion-MNIST, and AG News, as
shown in Figure 2. The results show that across computer vision and NLP tasks, QSGHO achieves the
highest accuracy, precision, recall, and F1-score compared to the conventional optimization algorithms:
SGD, Adam, AdamW, and Lion. The relative performance improvement analysis also shows that the
proposed framework achieves the largest improvement over traditional SGD and continues to benefit
from more sophisticated adaptive optimizers, thereby demonstrating the robust performance of entropy-
regularized stochastic manifold optimization and probabilistic hyperstate evolution. Furthermore, the
overall improvement analysis shows that QSGHO achieves stable, architecture-independent
generalization across various benchmark datasets, indicating that the proposed optimization approach
strikes a good trade-off between global exploration and local exploitation during training. Altogether, the
results confirm that the proposed framework for optimizing modern deep neural networks in a complex
nonlinear learning environment is scalable, robust, and practically applicable.
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Figure 2. Comparative performance and relative improvement of the proposed QSGHO
framework on representative real-world benchmark datasets.

4.3. Hyperparameter configuration and optimization settings

The hyperparameter settings for the proposed QSGHO framework are empirically selected to
balance probabilistic exploration, entropy regularization, manifold-diffusion stability, and asymptotic
convergence consistency. The optimization process integrated entropy-controlled stochastic transport
and adaptive tunneling perturbation to ensure it does not converge prematurely and is produced in a
structured probabilistic manner throughout iterative learning. The learning rate was set to 10 to
stabilize manifold transport dynamics, and the tunneling coefficient controlled nonlocal stochastic
exploration across irregular optimization regions. The entropy regularization coefficient controlled the
intensity of diffusion and prevented hyperstate collapse during the initial stages of optimization. To
stabilize stochastic feature propagation and prevent overfitting in nonlinear manifold learning
scenarios, batch normalization and dropout regularization were also added. This hyperparameter
configuration, shown in Table 3, creates an equilibrated optimization setting in which entropy-guided
manifold transport and stochastic tunneling both help control the exploration/exploitation trade-off.

This configuration results in much more robust convergence than deterministic optimization methods
alone.

AIMS Mathematics Volume 11, Issue 8, 24419-24444.



24435

Table 3. Hyperparameter configuration of the proposed QSGHO framework.

Hyperparameter Value
Learning rate 0.001

Batch size 64

Epochs 100

Entropy regularization 0.005
Tunneling strength 0.02

Dropout rate 0.30
Activation function ReLLU

Output activation Softmax

Loss function Cross-Entropy
Optimization strategy Quantum-inspired stochastic hyperstate optimization

5. Numerical results and discussion
5.1. Quantum hyperstate evolution and entropy dynamics

The geometric phase diagram of probabilistic hyperstates in the proposed QSGHO is shown in
Figure 3(A). The Bloch-inspired manifold representation illustrates how the initially distributed
candidate hyperstates gradually concentrate toward the optimal probabilistic region, characterized by
higher amplitudes and enhanced structural stability. The smooth trajectories indicate that the entropy-
regulated stochastic transport procedure effectively navigates candidate states through regions of
nonlinear optimization while preserving stochastic exploration. The adaptive probability amplitude
distribution of the candidate hyperstates during iterative optimization is also depicted in Figure 3(B).
In later candidate regions, the emergence of hyperstates that dominate the others indicates that the
proposed framework successfully amplifies high-quality probabilistic solutions and reduces low-quality
solutions to the high-entropy state via the stochastic diffusion mechanism. Furthermore, Figure 3(C)
shows the dynamics of adaptive QTP during stochastic optimization, gradually shifting from extensive
manifold exploration to stable local exploitation as QTP decays exponentially. In Figure 3(D), the
evolution of Shannon entropy of the probabilistic hyperstate manifold shows a continuous decrease,
indicating progressive hyperstate consolidation and improved stability of the convergence process
throughout the optimization.
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Figure 3. Free-energy evolution of the proposed QSGHO framework during stochastic
manifold optimization.

The convergence dynamics of the proposed QSGHO framework are shown in terms of the free-
energy objective and successive optimization iterations. The free energy starts to fall rapidly in the
initial optimization steps and eventually settles in a low-value region, showing progressive
convergence to a more stable solution. This behavior indicates that the entropy-regularized objective
optimizes the objective function while simultaneously sampling the free-energy landscape and
minimizing it in stochastic optimization are demonstrated in Figure 4(A). Figure 4(B) shows the
evolution of different candidate hyperstates in the optimization process. The candidate states advance
increasingly toward the hyperstate region where the search is optimal (the final region), and the density
of states in the final hyperstate region increases, indicating convergence of the search process. The
simplex plot of the predicted class probabilities is shown in Figure 4(C), where each point represents
the class probability predictions across the three classes. The distribution of the points on the simplex
illustrates class-confidence patterns and probabilistic separability between the learned hyperstates.
Last, Figure 4(D) shows the prediction performance of QSGHO compared to AdamW, Lion and SGD.
The proposed QSGHO gives the best performance of all three traditional optimization methods in
terms of accuracy (0.982), weighted precision (0.981), weighted recall (0.981) and weighted F1 Score
(0.981). The results show that the proposed stochastic geometric optimization approach is effective at
producing stable and discriminative solutions to the nonlinear classification problem.
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Figure.4. Tunneling probability dynamics that demonstrate the gradual reduction of
nonlocal stochastic exploration throughout iterative optimization.

Figure 5(A) shows the F1-score performance of the proposed QSGHO framework for a nonlinear
stochastic classification setup. The proposed optimization framework effectively avoids class-specific
convergence instability without causing under- or overrepresentation of F1-scores across classes, as
illustrated in this figure. The entropy—confidence phase space of learned hyperstate predictions is also
shown in Figure 5(B). The inverse relationship between prediction entropy and probabilistic
confidence is strongly nonlinear, and the proposed framework is found to focus the optimization
evolution on low-entropy, high-confidence regions. This phase-space geometry illustrates the ability
of the entropy-controlled stochastic manifold learning mechanism to couple uncertainty-aware
exploratory behavior with convergence stability. The evaluation metric heatmap for evaluating the
precision, recall, and F1-score measures of the classes is shown in Figure 5(C) in the context of the
proposed stochastic geometric optimization framework. The high values throughout the metric matrix
indicate strong probabilistic classification capability, good optimization behavior, and good manifold
generalization across all nonlinear classes. Additionally, the low-dimensional manifold projection of
the learned hyperstates in the latent probabilistic feature space, denoted as Figure 5(D), shows a class-
wise evaluation matrix. Clearly, the clusters are geometrically separated, indicating that the proposed
framework preserves the structure's geometric representation in this task while minimizing overlap
between neighboring stochastic regions. With the compact clustering topology, the improved latent
feature discrimination, manifold stability and probabilistic generalization capability under entropy-
regularised stochastic optimization dynamics are further confirmed.
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Figure.5 Class-wise analysis of the proposed QSGHO framework under stochastic
learning conditions.

Table 4 shows that the proposed QSGHO framework outperforms other optimization schemes,
including stochastic gradient descent (SGD), RMSProp, Adam, AdamW, and Lion. The consistently
low p-values (see Table 5) across pairwise comparisons validate the significance of the observed
improvements, indicating that the results are not merely due to random noise or sensitivity to initial
conditions, but are attributable to the entropy-regularized manifold transport mechanism, adaptive
quantum tunneling diffusion, and probabilistic hyperstate optimization. The largest statistical
improvement in performance is observed when the proposed framework is compared with the
conventional SGD optimizer, as the resulting high t-statistic indicates significant differences in
convergence and stability of the optimization process. The proposed QSGHO framework is statistically
significantly superior to more advanced optimizers like AdamW and Lion, even if the differences are
not as prominent as the optimizers become more advanced. The results confirm the theoretical
development of the proposed framework and its effectiveness in extremely nonlinear stochastic
optimization problems. The statistical results also show that the proposed QSGHO framework
maintains low-variance convergence and enhanced manifold generalization ability across repeated
stochastic experiments. The significance analysis further validates the robustness, repeatability, and
computational trustworthiness of the proposed quantum-inspired optimization approach to explainable
deep neural learning of stochastic manifold dynamics.
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Table 4. Comparative performance analysis of optimization frameworks.

Optimizer Accuracy Precision Recall F1 Score
SGD 0.942 0.938 0.936 0.938
RMSProp 0.957 0.952 0.951 0.954
Adam 0.969 0.965 0.964 0.967
AdamW 0.972 0.969 0.968 0.970
Lion 0.974 0.971 0.970 0.972
Proposed QSGHO 0.981 0.978 0.975 0.976

Table 5. Statistical significance analysis of the proposed QSGHO framework.

Comparison Mean accuracy difference t-Statistic p-Value Statistical significance
QSGHO vs SGD 0.039 5.872 0.0003 Significant
QSGHO vs RMSProp 0.024 4.931 0.0011 Significant
QSGHO vs Adam 0.012 3.847 0.0042 Significant
QSGHO vs AdamW  0.009 3.214 0.0068 Significant
QSGHO vs Lion 0.007 2.988 0.0095 Significant

5.2. Ablation study

Further, a detailed ablation study of each mathematical element of the proposed QSGHO
framework is conducted under the same stochastic learning settings. The aim of the ablation analysis
was to investigate the relative contributions of the four methods to convergence stability, probabilistic
exploration, and nonlinear manifold generalization. Unlike classical deterministic optimization
systems, the proposed framework combines multiple interacting stochastic mechanisms, whose
dynamics can profoundly impact the robustness of the optimization process and the dynamics of
uncertainty-aware learning.

Each ablation experiment involved removing one optimization component of the full QSGHO
framework, while keeping the dataset conditions, hyperparameters, and instructions for initializing the
stochastic optimizers constant. Three classification accuracy metrics, three F1 score stabilities, three
entropy convergence consistencies, and three manifold generalization capabilities were used to analyze
the resulting performance degradation. All partially reduced variants exhibited significantly lower
probabilistic learning stability and optimization robustness than the complete QSGHO framework
across all tests. Removing entropy regularization, in particular, made the probabilistic manifold
transport process much more unstable and led to more oscillatory behavior during convergence.
Likewise, the optimizer was less able to escape from pathological local minima, and stochastic
exploration efficiency was impaired in messy optimization landscapes when adaptive quantum
tunneling was disabled.

Moreover, manifold-guided probabilistic transport severely affected latent manifold organization
and the separability of nonlinear classes in the probabilistic feature space. Similarly, stochastic
hyperstate diffusion resulted in lower probabilistic convergence consistency, and less adaptability of
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the optimization trajectories in the stochastic perturbation environment. The proposed theoretical
formulation of the QSGHO framework is strongly supported by the above observations, and the paper
demonstrates that combining the four mechanisms (entropy-controlled stochastic transport, adaptive
tunneling diffusion, manifold-aware optimization geometry, and probabilistic hyperstate evolution)
yields better performance in nonlinear stochastic learning.

The quantitative analysis in Table 6 confirms that each optimization component is significant for
the stability and effectiveness of the proposed framework. Probabilistic transport guided by the
manifold is removed to achieve the worst-case performance degradation, highlighting the critical role
of stochastic geometric learning in the proposed optimization architecture. Likewise, the entropy-
regularized optimization procedure stabilizes uncertainty-aware learning by maintaining smoothness
in the probabilistic space. In summary, the ablation results provide a significant validation of the
synergistic mathematical interplay among entropy-driven stochastic diffusion, quantum-inspired
tunneling dynamics, manifold-guided probabilistic transport, and adaptive hyperstate evolution.

Table 6. Ablation study of the proposed QSGHO framework.

Model variant Accuracy Precision Recall  F1 Score Stability
Full QSGHO framework 0.981 0.978 0.975 0.976 Very high
Without entropy regularization 0.944 0.941 0.938 0.939 Moderate
Without quantum tunneling 0.952 0.949 0.947 0.948 Moderate
Without manifold ttransport 0.936 0.932 0.931 0.931 Low
Without hyperstate diffusion ~ 0.947 0.944 0.942 0.943 Moderate

6. Conclusions

This research proposes a mathematically rigorous, explainable deep neural learning framework
with nonlinear stochastic manifold dynamics, called the QSGHO framework. In contrast, conventional
deterministic optimization algorithms are based on single-trajectory gradient descent, whereas the
proposed framework is a transport process over interacting hyperstate manifolds, controlled by
stochastic dynamics based on entropy. All of these components (quantum-inspired probability
amplitudes, adaptive tunneling diffusion, manifold-aware optimization geometry, stochastic free-
energy minimization, and entropy-controlled hyperstate evolution) were integrated into a unified
mathematical framework that was able to simultaneously enhance the convergence stability, the ability
to explore the probability space, the uncertainty-aware learning, and the generalization across the
nonlinear manifold.

The theoretical analysis of the proposed framework showed that it can significantly enhance the
robustness of optimization in highly nonconvex learning settings by leveraging stochastic manifold-
transport regularization. Structured exploration was maintained in the early optimization stages,
gradually converging toward the dominant energy-manifold states with low energies during the
convergence stabilization stage, aided by the probabilistic hyperstate representation. Moreover, the
adaptive quantum tunneling mechanism enabled low-dimensional exploration of irregular
optimization landscapes without requiring major steps and minimised sensitivity to pathological sharp
local minima. Hence, the optimization dynamics remained stable throughout the stochastic learning
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process, resulting in a balanced exploration-exploitation trade-off. The mathematical validity of the
suggested optimization framework was justified by all the above-mentioned aspects of convergence
behavior, bounded manifold dynamics, entropy evolution consistency, and probabilistic stability
properties.

The proposed QSGHO framework shows promising stochastic optimization performance and
strong manifold generalization, but it still has some shortcomings. The present investigation is
primarily directed toward synthetic, nonlinear stochastic benchmark environments rather than very
large-scale real-world environments. In addition, the proposed probabilistic manifold transport
framework introduces an additional computational burden in maintaining multiple interacting
hyperstates for optimization. Although GPU parallelization significantly simplifies the practical
problem, it may still be necessary to optimize very large Transformer architectures and high-
dimensional multimodal learning systems. Moreover, the current theoretical treatment primarily
examines convergence consistency as the number of replicas grows to infinity, with the main
assumption being bounded stochastic diffusion, whereas stronger non-asymptotic convergence
consistency remains an open research problem.

The parameter values used in this study converged across all numerical experiments, but other
domains of application might require different parameter settings for an optimal exploration-
exploitation balance. In the future, strategies for adaptively learning these optimization parameters
during training will be explored. The present study, however, concentrates mainly on the controlled
nonlinear stochastic benchmark environment to test the mathematical properties of the proposed
optimization framework. While these benchmark environments offer repeatable settings for assessing
theory, in-depth experimental testing with large-scale real-world data remains an important area for
future work. The next step will be to explore the scalability and generalization capabilities of the
proposed optimization framework across practical learning scenarios in computer vision, natural
language processing, graph neural networks, multimodal Al, and foundation models. The performance
comparison also showed that the proposed framework exhibits remarkable stochastic generalization,
enabled by the combination of entropy-controlled diffusion and manifold-guided hyperstate transport.
The proposed framework ensured smooth manifold evolution in a probabilistic sense during iterative
optimization, unlike deterministic methods, which often yield unstable, sharp minima. The statistical
analysis of the observed performance improvement also confirmed that the improvement was
statistically significant and computationally reproducible when the stochastic experiments were
repeated. The present results provide strong justification for the effectiveness of the proposed hybrid
approach, integrating quantum-inspired optimization principles into a stochastic learning framework
for geometry-based manifolds with information-theoretic manifold regularization.

Although the proposed framework demonstrates strong theoretical and computational
performance, a few research directions remain open for future work. The proposed QSGHO framework
can be expanded in the future with large-scale transformer architectures, federated stochastic
optimization environments, graph neural networks, and multimodal probabilistic learning systems.
Further enhancing the manifold's adaptability under highly nonstandard optimization conditions could
be achieved by incorporating fractional-order stochastic differential operators and quantum-inspired
variational transport dynamics. Furthermore, future research can explore the use of topological
manifold learning, geometric curvature regularisation, and adaptive information-theoretic hyperstate
interactions to improve latent representation learning in ultra-high-dimensional optimization.

In addition, the proposed optimization framework can be applied to actual quantum computing
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architectures and hybrid quantum-classical deep learning systems in the future. Such integration may
provide a more detailed picture of the probabilistic evolution of quantum states and their connection
to stochastic neural optimization. Moreover, the proposed framework has the potential to be used in
complex real-world applications, such as biomedical image analysis, financial forecasting, climate
modeling, cybersecurity, autonomous systems, and uncertainty-aware scientific computing, where
nonlinear stochastic optimization is an important component.
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