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Abstract: Training deep neural networks is often hindered by sharp minima, unstable optimization 

trajectories, and limited generalization. To tackle these problems, we introduce a novel gradient-free, 

population-based optimization framework, the Curvature–Interference Quantum Entropic Optimizer 

(CI-QEO), which integrates the empirical loss, zeroth-order curvature estimation, predictive 

interference suppression, entropy-driven diversity preservation, and covariance-driven tunnelling into 

a single energy function. We used a benchmark set of binary and multiclass classification problems, as 

well as nonlinear regression problems, to test the proposed method with the same network architecture. 

We found that CI-QEO outperforms strong baseline optimizers in terms of accuracy of binary 

classification (94.18% vs. 90.58%), accuracy of multiclass classification (91.36% vs. 84.34%), and R² 

score (0.936 vs. 0.854), with lower test loss (26.46% vs. 37.24%), mean squared error (22.54% vs. 

37.24%), predictive interference (64.27% vs. 105.12%), and total optimization energy (73.66% vs. 

167.83%). In addition, ablation experiments and statistical significance analysis (p < 0.05) validated 

each proposed component's contribution to the observed performance gains. The results highlight that 

CI-QEO is a stable, accurate, and large-scale optimization framework for deep neural network training 

and a promising alternative to prevalent gradient- and population-based optimization algorithms. 

Keywords: quantum-inspired optimization; stochastic manifold learning; entropy regularization; 

hyperstate optimization; explainable artificial intelligence; probabilistic neural networks; stochastic 

differential geometry 
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1. Introduction 

Deep neural networks have been used with great success for classification, regression, 

representation learning, and complex nonlinear function approximation. However, training neural 

networks remains a difficult optimization problem, as the empirical risk surface is typically high-

dimensional, nonconvex, multimodal, and highly sensitive to initialization. Local training algorithms 

like stochastic gradient descent (SGD) and its adaptive variants update only one parameter vector 

based on local gradient information, and thus tend to be efficient and less stable in terms of 

convergence while suffering from sharp minima, noisy gradients, and early attraction to suboptimal 

regions [1,2]. While adaptive gradient methods like Adam are more efficient at learning by 

incorporating first- and second-moment estimates of the gradients, they remain based on a local first-

order optimization approach and do not explicitly consider whether a low-loss solution exists in a 

stable or unstable basin [3,4]. Adam's original formulation uses adaptive lower-order gradient moments 

and is generally applied to stochastic objective functions. One big problem with loss-centered neural 

network training is that minimizing the empirical loss does not always yield the most generalizable 

solution. In deep learning, several works have demonstrated that sharp minima may yield low training 

loss but may not generalize well, since small perturbations in the parameter space can result in large 

variations in the loss landscape [5]. This is especially crucial in population-based optimization [6,7] 

and quantum optimization, where candidate states might be amplified because of their temporarily low 

empirical risk. The optimizer may fall into unstable basins if it finds such candidates in a sharp region. 

Hence, beyond loss reduction, modern neural network optimization needs explicit mechanisms to 

ensure stability, curvature control, and diversity. This problem is addressed in the proposed study by 

the Curvature-Interference Quantum Entropic Optimizer (CI-QEO).  

CI-QEO aims to optimize a probability distribution over candidate neural network states rather 

than a single parameter vector and is designed as a gradient-free, population-based neural network 

optimizer. The uploaded methodology includes a section that defines how the criterion, CI-QEO, is 

applied to evaluate each candidate, namely via empirical risk, zeroth-order curvature, predictive 

interference, and annealed diversity, as well as an update of the candidate probability distribution 

according to an entropic amplitude law. This makes the optimizer different from traditional loss-based 

search strategies, as the searcher does not simply choose the candidate with the lowest loss at the time 

of selection; rather, it chooses candidates that are accurate, low-curvature, prediction-consistent, and 

sufficiently diverse during early exploration. A central motive for CI-QEO is the flat-minima theory 

of neural network generalization. Research has shown that broad or flat minima are more robust than 

sharp minima, as the network performance is not affected by small changes in the parameters [8,9]. 

Subsequent empirical studies with large-batch training confirmed that sharp minimizers tend to 

generalize worse [10,11]. Keskar et al. provided numerical evidence that large-batch methods can 

converge to sharp minimizers and that sharp minima are related to a generalization gap. Based on these 

results, a good optimizer should use curvature data directly when selecting candidates.  

The CI-QEO is implemented using a zeroth-order directional curvature estimator, thereby 

enabling curvature estimation without backpropagated gradients. The other key ingredient of the 

proposed approach is entropy-regularized optimization. Researchers using entropic and mirror-descent 
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methods have introduced regularization in probability space, which can prevent unstable updates and 

promote smoother transitions between distributions [12,13]. In CI-QEO, the amplitude distribution is 

updated via a doubly regularized variational principle with KL geometry to preserve the previous 

probability distribution, and an entropy-promoting term to regulate collapse. The resulting update 

includes an energy reweighting term in exponential form to let the optimizer continue exploring the space, 

and a power-tempered memory factor to concentrate probability on low-energy candidates over time.  

The population-based optimization has been employed for complex nonlinear search tasks. Genetic 

algorithms propose adaptive search based on selection, mutation, and recombination [14,15], and particle 

swarm optimization proposes collective search based on social interaction among particles [16,17]. Most 

of these techniques are derivative-free and typically lack explicit curvature awareness, predictive 

consistency regulation, or information-geometric amplitude control. PSO is a classical population-

based search technique, first introduced at the IEEE International Conference on Neural Networks in 

1995 by Kennedy and Eberhart. CI-QEO extends this population-based concept by determining 

candidate importance using a composite interference-curvature energy rather than fitness. The 

proposed method further differs from common population optimizers by including a predictive-

interference component. In neural-network populations [18], many candidates can have the same loss 

yet yield different prediction directions. Such disagreement can destabilize the final model or slow 

convergence if the probability mass is assigned solely by loss. However, CI-QEO overcomes this 

problem by normalizing each candidate's prediction direction and penalizing destructive disagreement 

with strong, low-loss candidates. This is similar to interference-selection theory: Candidates whose 

predictions align with those that can be safely observed in a low-energy region are reinforced, while 

candidates whose predictions conflict with reliable ones are suppressed. The proposed optimizer also 

brings curvature-filtered tunneling.  

CI-QEO is not based on isotropic random perturbations [19]; instead, it exploits stable candidates 

in the low-energy set to sample candidate transitions from the covariance geometry. This lets the 

optimizer move in directions enabled by the geometric structure of good solutions rather than by 

random noise. It is crucial for gradient-free optimization of neural networks, as it enables exploration 

while preventing wandering into high-curvature regions that are likely unstable. There are two ways 

to obtain the final trained model: Either by probability-weighted expectation or by selecting the 

minimum-energy candidate. Hence, our primary objective of this research is to develop a novel 

empirical accuracy, curvature stability, predictive consistency, entropic anti-collapse, and covariance-

guided exploration (ECAECs) integrated gradient-free neural-network optimizer. The proposed CI-

QEO method brings several contributions to the literature, filling three key gaps that are common to 

many optimizers: (1) Loss-only optimizers tend to select the sharpest minima, (2) population-based 

optimizers fail to maintain structured diversity, and (3) quantum-inspired amplitude-based optimizers 

tend to amplify candidates that are not aware of curvature or predictive interference.  

In this study, we present CI-QEO, a curvature-interference quantum entropic optimizer for 

training neural networks without using gradients. While classical quantum-inspired amplitude methods 

simply amplify candidate states based on the empirical risk, CI-QEO adds a novel free-energy 

functional that evaluates each candidate using four coupled quantities: empirical risk, zeroth-order 

curvature, predictive interference, and annealed population diversity. The amplitude dynamics follow 

from a doubly regularized KL variational principle, yielding a closed-form power-tempered 

exponential update. The method also presents covariance-guided tunneling, sampling perturbations 

that are distributed according to the geometry of low-energy candidates rather than isotropic Gaussian 
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noise. Theoretical analysis shows that simplex preservation, boundedness, asymptotic free-energy 

descent, and almost-sure stabilization of the amplitude distribution are achieved when the perturbations 

are summed over time. 

2. Review of literature 

Gradient-based optimization has been the traditional approach to neural network optimization. 

Stochastic gradient descent remains the basic technique due to its simplicity, scalability, and ability to 

process large data sets using mini-batch updates [20]. SGD, however, is sensitive to the choice of 

learning rate, initialization, noisy gradients, and loss-surface geometry. Several methods have been 

proposed to enhance convergence by incorporating previous update directions, such as momentum-

based and accelerated methods, thereby avoiding oscillations and improving movement in ill-

conditioned regions [21]. Despite these advances, first-order gradient methods remain heavily reliant 

on local derivative information and fail to explicitly maintain population diversity, preserve entropy, 

or ensure agreement among candidate networks. However, fixed-learning-rate gradient descent 

methods had several drawbacks, so adaptive gradient methods were developed to address them. 

AdaGrad dynamically adjusts learning rates based on accumulated gradient information and is well-

suited to features with different frequencies or scales [22,23]. Duchi et al. defined AdaGrad as a class 

of subgradient methods that utilize data-geometry information to enable more informative learning. 

Following this work, RMSProp and Adam took adaptive optimization to the next level by employing 

moving averages of gradient moments, thereby outperforming previous approaches when the objective 

is noisy and sparse [24]. However, adaptive optimizers have yet to be designed to explicitly distinguish 

between flat and sharp low-loss regions [25,26]. This leaves room for curvature-aware optimization 

methods such as CI-QEO. There is much debate around the role of flatness in the generalization of 

neural networks. Hochreiter and Schmidhuber suggested that the minimum should be flat where 

desirable, since it indicates regions of the parameter space where the model is stable under 

perturbations [27,28]. As deep neural networks have expanded toward increasingly over-parameterized 

models, this idea has become increasingly relevant. Keskar et al. showed that sharp minima and 

generalization degradation are related to large-batch training, which implies that sharpness is an 

important diagnostic for optimizer behavior [29]. This view raises the question of whether an optimizer 

that only minimizes empirical risk is incomplete. This matters because CI-QEO explicitly includes a 

zeroth-order curvature penalty in the energy functional, penalizing candidates that achieve low loss by 

converging to sharp, unstable basins. Another important foundation for the proposed method is entropy-

based optimization. Entropy-SGD is a developed method in which the gradient descent algorithm is 

biased toward broad valleys by learning a local entropy objective rather than the empirical loss [30]. 

In this study, we showed that entropy can encourage flat regions and improve generalization. 

While closely related in spirit, CI-QEO differs from the previous one in that it uses entropy on a 

probability distribution rather than a single gradient-based trajectory of networks. This way, the 

optimizer can keep several tentative solutions on hand and gradually shift the probability mass toward 

solutions with lower interference-curvature energy. Amplitude updates can be theoretically supported 

by mirror descent and KL-regularized optimization. Mirror descent is a generalization of gradient 

descent, where the updates are performed with respect to a distance-generating function, and the KL 

divergence is particularly appropriate for optimization of a probability distribution [31]. In CI-QEO, a 

variational principle based on an entropic approach updates the candidate probabilities. The KL term 
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helps to avoid sudden changes from the previous distribution, and the entropy term prevents the early 

collapse. Therefore, CI-QEO combines exploitation of low-energy candidates with controlled 

exploration of the candidate population. Derivative-free zeroth-order optimization methods are 

relevant because CI-QEO is intended to train a neural network without backpropagating gradients. 

Simultaneous perturbation stochastic approximation (SPSA) has been influential in noisy optimization 

problems [32] and estimates gradient information by adding simultaneous random perturbations. 

Subsequent zeroth-order optimization techniques have provided more formal approaches to random 

minimization without an explicit gradient, particularly when gradients are unavailable or computation 

is costly [33]. CI-QEO does not simply guess a gradient direction but is based on the same idea as the 

derivative-free approach. Instead, it employs symmetric finite-difference probes to locally 

approximate curvature and adds the result to the candidate energy. Gradient-free optimization has been 

a key use of evolutionary computation. Genetic algorithms employ operations such as selection, 

crossover, and mutation that mimic biological processes during population search.  Holland's initial 

work marked the beginning of the field of genetic algorithms and of adaptation as a computational 

search principle. Evolutionary algorithms are appealing since they can transcend local optima and 

function without any gradient information. However, they typically rely on fitness and do not explicitly 

reward or punish sharpness or disagreement in predictions.  

CI-QEO extends population-based search by adding a structured energy function that considers 

loss, curvature, interference, and diversity. Another important potential-based method is particle 

swarm optimization. In PSO, particles update based on their own experiences and those of other 

particles, making it well-suited to nonlinear and nonconvex search spaces [34]. While PSO has been 

used in neural network learning and hyperparameter tuning, it typically employs position- and 

velocity-based dynamics rather than probabilistic amplitude redistribution. Furthermore, the standard 

PSO lacks an anti-collapse regulation based on entropy. CI-QEO differs from other methods in that it 

maintains a probability simplex over candidates and updates the distribution based on a closed-form 

entropic law. Quantum-inspired optimization methods aim to adapt computational paradigms from 

Quantum Mechanics, particularly superposition, probability amplitudes, and tunneling. Quantum-

inspired evolutionary algorithms (QIEA) are based on probabilistic representations that maintain 

diversity and improve global search [35]. Many amplitude methods, however, primarily boost 

candidates through fitness or loss and draw on quantum principles. However, these mechanisms can 

fail if a 'temporary' sharp low-loss candidate enters the population.  

By introducing a curvature-interference energy that complements loss, CI-QEO extends this 

concept to favor candidates that are stable (i.e., minimize loss) and meaningful (i.e., consistent with 

predictions). It is also related to prediction consistency in ensemble learning and agreement between 

models. Ensemble methods have shown that multiple learners can generalize better when they make 

complementary yet reliable predictions [35]. Ensemble diversity, however, should be controlled, as 

excessive disagreement can undermine prediction stability. This insight is incorporated into the 

optimizer as a penalty for candidates whose normalized predictive directions do not match those of 

low-loss reference candidates. This means that predictive agreement is not an ensemble property after 

training but rather a criterion during training. Stochastic approximation theory and supermartingale 

convergence theory are also relevant to the convergence analysis of CI-QEO. Robbins and Siegmund 

described the almost-supermartingale version of nonnegative stochastic processes, which is often 

employed in the study of stochastic iterative methods [36]. Quantum-inspired neural-network 

optimization frameworks have increasingly incorporated stochastic population dynamics, probabilistic 
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candidate-state evolution, and stability-oriented search mechanisms to improve convergence in 

complex nonlinear learning problems [37–39]. Under boundedness and summability assumptions in 

CI-QEO, the amplitude distribution becomes stable, and the interference-curvature energy diminishes 

to an asymptotic level, up to entropy-related corrections. This theoretical framework supports the view 

that CI-QEO is not only a heuristic population optimizer but also an optimization framework with 

mathematically interpretable stability properties [40,41]. In general, the literature shows that each 

family of optimization techniques [42,43] yields only part of the solution to the neural-network training 

problem. The gradient-based methods are local and efficient. Adaptive methods improve learning-rate 

behavior without altering the loss's centrality. Flat minima and entropy-based methods have been shown 

to improve generalization but often depend on the gradient trajectory. Population search methods, such 

as evolutionary and swarm methods, avoid explicit curvature and predictive-interference regulation. 

Quantum-inspired techniques keep probabilistic diversity but tend to enhance candidates, with 

insufficiently rich energy considerations. CI-QEO lies at the crossroads of these disciplines and provides 

a single optimizer that combines gradient-free curvature estimation, predictive interference suppression, 

entropic amplitude updating, annealed diversity, and covariance-guided tunneling.  

3. Methodology 

Curvature-interference quantum entropic optimizer 

The proposed technique is dubbed the Curvature-Interference Quantum Entropic Optimizer (CI-

QEO) and its complete computational architecture is presented in Figure 1. The theoretical difference 

in CI-QEO is the criterion used to amplify candidates and transition them into the population. 

Conventional gradient-based optimizers adjust a single parameter trajectory based on local derivative 

information, while evolutionary and swarm-based optimizers track multiple parameter trajectories but 

usually order them by fitness or objective-function value. Similarly, traditional quantum-inspired 

amplitude-based optimization keeps a probabilistic representation of candidate states, but mostly 

redistributes the amplitude according to empirical loss or fitness. The optimization process starts with 

the normalized input data X and a population of N candidate neural-network parameter vectors 

{𝜃𝑘
(𝑡)

}
𝑘=1

𝑁
 . The neural network predicts the output 𝑓𝜃𝑘

(𝑡)(𝑋)  for each candidate. The candidate-

population module stores not only the parameter states, 𝜃𝑘
(𝑡)

, but also their probability amplitudes, 

ak(t). The energy-evaluation module outputs four quantities, one for each candidate, which are used to 

evaluate the energy: empirical loss L; its curvature is represented by k (t); zeroth-order curvature C k(t); 

predictive-interference penalty Ik(t); and diversity potential Dk(t). These components sum to the 

composite optimization energy, Ek(t). The resulting energy values and the previous probability 

distribution p(t) are then fed into the entropy-regularized amplitude-update module, which yields an 

updated probability distribution p(t+1). Then, low-energy, low-curvature candidate states are used to 

construct the elite covariance matrix Σ. The direction of the tunneling is anisotropic, defined by (t), 

and this is what generates the next set of candidate populations {𝜃𝑘
(𝑡+1)

}. The candidates are then 

reshaped until convergence is achieved according to the desired criterion or a maximum number of 

iterations, and the resulting model is extracted from the candidate state with the lowest energy or the 

most probable candidate state. In nonconvex deep learning, a candidate can have a low loss yet reside 

in a sharp, unstable basin. Hence, CI-QEO refines a probability distribution of candidate networks 

based on a novel interference energy based on a combination of empirical loss, curvature stability, 
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diversity pressure, and phase disagreement suppression. Let the neural network be 𝑓𝜃, where 𝜃 ∈ ℝ𝑁. 

Let the empirical risk be 

ℒ(𝜃) =
1

𝑚
∑ ℓ(

𝑚

𝑖=1
𝑓𝜃(𝑥𝑖), 𝑦𝑖).                           (1) 

At iteration 𝑡, instead of keeping a single parameter vector, CI-QEO maintains 𝐾 candidate states,  

Θ(𝑡) = {𝜃1
(𝑡)

, 𝜃2
(𝑡)

, … , 𝜃𝐾
(𝑡)

}, 𝜃𝑘
(𝑡)

∈ ℝ𝑁,                          (2) 

 

Figure 1. Computational architecture of the proposed CI-QEO framework. The connecting 

arrows are labeled with the variables exchanged among successive modules, such as 

candidate neural-network parameters, probability amplitudes, predictions, empirical loss, 

curvature, predictive interference, diversity potential, composite energy, updated 

probabilities, and elite covariance information. The convergence criterion is checked, and 

the full optimization cycle is repeated until convergence. 

CI-QEO does not keep a deterministic parameter vector, but a population of N candidate neural-

network parameter vectors at optimization iteration t. The candidate population is represented by the 

following quantum-inspired trainable state for a superposed train: 

∣ Ψ(𝑡)⟩ = ∑ 𝑎𝑘
(𝑡)

𝐾

𝑘=1
𝑒𝑖𝜑𝑘

(𝑡)

∣ 𝜃𝑘
(𝑡)

⟩,                          (3) 

subject to 

∑ |𝑎𝑘
(𝑡)

|
𝑁

𝑘=1

2

= 1.                             (4) 
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The corresponding probability mass assigned to the k-th candidate is 

𝑝𝑘
(𝑡)

= |𝑎𝑘
(𝑡)

|
2

, 𝑝𝑘
(𝑡)

≥ 0,  ∑ 𝑝𝑘
(𝑡)

𝑁

𝑘=1
= 1.                           (5) 

Here, 𝜃𝑘
(𝑡)

 is the phase variable 𝑘, 𝑎𝑘
(𝑡)

 is the probability amplitude, and 𝜙𝑘
(𝑡)

 is the parameter 

vector of candidate network k. The state variables in Eq (1) are therefore not a special representation 

of the quantum system, but are the state variables used throughout the rest of the optimization in the 

CI-QEO. In the particular case, the candidate state 𝜙𝑘
(𝑡)

 is used to calculate its empirical loss, local 

curvature, prediction vector, predictive-interference penalty, and diversity contribution; pk(t), 

calculated from the amplitude in Eq (3), is used to calculate its probability-weighted population 

statistics and is used for the prior distribution for the next entropic amplitude update. 

The phase component is added through the predictive-interference mechanism and aims to favor 

candidate states whose predictive directions remain stable, as in low-curvature candidate states. 

Therefore, the phase-related information aids candidate assessment in the following interference 

formulation. Accordingly, the empirical loss associated with the candidate state 𝜃𝑘
(𝑡)

 is defined as 

𝐿𝑘
(𝑡)

= ℒ(𝜃𝑘
(𝑡)

).                              (6) 

The candidate parameter vector that has been introduced in the superposed state of Eq (4) is explicitly 

used in Eq (6), which is the first explicit link between a candidate-state representation and its 

subsequent optimization criterion. To quantify the local sharpness associated with each candidate state 

without requiring gradient information, we introduce a zeroth-order curvature estimator. Let 𝑢𝑟 denote 

a randomly sampled unit direction, 

𝑢𝑟 ∼ Unif(𝕊𝑑−1), 𝑟 = 1, … , 𝑅,                          (7) 

where d is the dimensionality of the neural-network parameter vector. N is the population size, so using 

𝕊𝑑−1 could imply that the perturbation dimension is determined by the number of candidates rather 

than the parameter dimension, and define the zeroth-order directional curvature score 

𝐶𝑘
(𝑡)

=
1

𝑅
∑ ∣

ℒ(𝜃𝑘
(𝑡)

+𝛿𝑢𝑟)−2ℒ(𝜃𝑘
(𝑡)

)+ℒ(𝜃𝑘
(𝑡)

−𝛿𝑢𝑟)

𝛿2 ∣

𝑅

𝑟=1

.                   (8) 

For twice differentiable losses, Taylor expansion gives 

ℒ(𝜃 + 𝛿𝑢) = ℒ(𝜃) + 𝛿∇ℒ(𝜃)⊤𝑢 +
𝛿2

2
𝑢⊤∇2ℒ(𝜃)𝑢 + 𝑂(𝛿3),               (9) 

and 

ℒ(𝜃 + 𝛿𝑢) − 2ℒ(𝜃) + ℒ(𝜃 − 𝛿𝑢) = 𝛿2𝑢⊤∇2ℒ(𝜃)𝑢 + 𝑂(𝛿4).                         (10) 

Therefore, 

𝐶𝑘
(𝑡)

=
1

𝑅
∑ ∣ 𝑢𝑟

⊤∇2ℒ(𝜃𝑘
(𝑡)

)𝑢𝑟 ∣
𝑅

𝑟=1
+ 𝑂(𝛿2).                    (11) 

Thus,t 𝐶𝑘
(𝑡)

approximates the average absolute curvature without backpropagating gradients. The first 

novelty is that CI-QEO explicitly imposes an energetic cost associated with curvature (i.e., it does not 
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allow collapse into sharp, low-loss regions). Next, we define a diversity potential. Allow the 

probability-weighted candidate center to be 𝜃̄(𝑡) = ∑ 𝑝𝑗
(𝑡)

𝐾

𝑗=1
𝜃𝑗

(𝑡)
,  defined as 𝐷𝑘

(𝑡)
=∥ 𝜃𝑘

(𝑡)
−

𝜃̄(𝑡) ∥2
2. A candidate with high 𝐷𝑘

(𝑡)
 has a high exploration. However, excessive diversity becomes a 

problem as training progresses. The diversity term is thus annealed with a parameter 𝛽𝑡 > 0, such that 

𝛽𝑡 = 𝛽0𝑒−𝜆𝛽𝑡 .                               (12) 

Now introduce prediction-phase interference. Let 

𝑧𝑘
(𝑡)(𝑥) = 𝑓

𝜃𝑘
(𝑡)(𝑥),                             (13) 

be the output vector of the candidate 𝑘, define the normalized predictive direction 

𝑧̂𝑘
(𝑡)(𝑥) =

𝑧𝑘
(𝑡)

(𝑥)

∥ 𝑧𝑘
(𝑡)

(𝑥) ∥2+ 𝜀
.                                                         (14) 

The phase-agreement score between candidates 𝑘 and 𝑗 is 

𝐴𝑘𝑗
(𝑡)

=
1

𝑚
∑ ⟨𝑧̂𝑘

(𝑡)
(𝑥𝑖), 𝑧̂𝑗

(𝑡)
(𝑥𝑖)⟩

𝑚

𝑖=1
.                       (15) 

The interference penalty for the candidate 𝑘 is 

𝐼𝑘
(𝑡)

= ∑ 𝑝𝑗
(𝑡)

𝐾

𝑗=1
(1 − 𝐴𝑘𝑗

(𝑡)
) exp(−𝜏𝐿𝑗

(𝑡)
).                   (16) 

This number will punish a candidate if his/her prediction differs from those of candidates with low 

loss. The exponential term exp(−𝜏𝐿𝑗
(𝑡)

) provides strong candidates as reference states. The penalty 

is not "ensemble averaging" but rather an interference-like mechanism that suppresses candidates 

whose predictive phase, due to the conflicting phase in the low-energy region of the population, is 

mismatched. The new definition of the energy of a candidate k is then given by 

𝐸𝑘
(𝑡)

= 𝐿𝑘
(𝑡)

+ 𝛼𝑡𝐶𝑘
(𝑡)

+ 𝛾𝑡𝐼𝑘
(𝑡)

− 𝛽𝑡𝐷𝑘
(𝑡)

.                     (17) 

Here, 𝐿𝑘
(𝑡)

is a function of the accuracy of the empirical learning, 𝐶𝑘
(𝑡)

a function of the curvature of the 

empirical learning, 𝐼𝑘
(𝑡)

a function of the destructive interference of the predictive learning, and 𝐷𝑘
(𝑡)

 a 

function of the useful exploration of the empirical learning. The signs are very significant. The 

optimizer reduces 𝐸𝑘
(𝑡)

. The curvature and destructive interference add energy; controlled diversity 

subtracts energy. The amplitude update is obtained from the following entropic variational principle: 

𝑝(𝑡+1) = arg min
𝑞∈Δ𝐾

{∑ 𝑞𝑘
𝐾
𝑘=1 𝐸𝑘

(𝑡)
+

1

𝜂𝑡
𝐷KL(𝑞 ∥ 𝑝(𝑡)) + 𝜔𝑡𝐷KL(𝑞 ∥ 𝑢)}.       (18) 

Uniform distribution is 𝑢 = (
1

𝐾
, … ,

1

𝐾
)where K is the number of items. The first KL term helps 

avoid jumps away from the previous amplitude distribution. The second KL term prevents the 

distribution from collapsing too early by softly pulling it toward maximum entropy. This contrasts with 
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the uploaded QIASO method, where the probability update is regulated only by loss and previous KL 

geometry; it is also regulated by a new interference-curvature energy and an explicit anti-collapse 

entropy regularizer. The objective is: 

𝐽(𝑞) = ∑ 𝑞𝑘
𝐾
𝑘=1 𝐸𝑘

(𝑡)
+

1

𝜂𝑡
∑ 𝑞𝑘

𝐾
𝑘=1 log

𝑞𝑘

𝑝𝑘
(𝑡) + 𝜔𝑡 ∑ 𝑞𝑘

𝐾
𝑘=1 log

𝑞𝑘

𝑢𝑘
.            (19) 

Introduce a Lagrange multiplier 𝜆for the constraint ∑ 𝑞𝑘𝑘 = 1. The Lagrangian is 

ℒ(𝑞, 𝜆) = 𝐽(𝑞) + 𝜆(∑ 𝑞𝑘
𝐾
𝑘=1 −1).                        (20) 

Differentiating with respect to 𝑞𝑘 gives 

∂ℒ

∂𝑞𝑘
= 𝐸𝑘

(𝑡)
+

1

𝜂𝑡
(log

𝑞𝑘

𝑝𝑘
(𝑡) + 1) + 𝜔𝑡 (log

𝑞𝑘

𝑢𝑘
+ 1) + 𝜆.                 (21) 

At the optimum, 

𝐸𝑘
(𝑡)

+
1

𝜂𝑡
(log

𝑞𝑘

𝑝𝑘
(𝑡) + 1) + 𝜔𝑡 (log

𝑞𝑘

𝑢𝑘
+ 1) + 𝜆 = 0.                  (22) 

Collecting logarithmic terms, 

(
1

𝜂𝑡
+𝜔𝑡) log 𝑞𝑘 = −𝐸𝑘

(𝑡)
+

1

𝜂𝑡
log 𝑝𝑘

(𝑡)
+ 𝜔𝑡 log 𝑢𝑘 − 𝜆 −

1

𝜂𝑡
− 𝜔𝑡 .            (23) 

Let 𝑎𝑡 =
1

𝜂𝑡
+ 𝜔𝑡 . Then, log 𝑞𝑘 = −

𝐸𝑘
(𝑡)

𝑎𝑡
+

1

𝜂𝑡𝑎𝑡
log 𝑝𝑘

(𝑡)
+

𝜔𝑡

𝑎𝑡
log 𝑢𝑘 + constant. 

Exponentiating and normalizing give the closed-form amplitude update 

𝑝𝑘

(𝑡+1)
=

(𝑝𝑘
(𝑡)

)

1
𝜂𝑡𝑎𝑡(𝑢𝑘)

𝜔𝑡
𝑎𝑡 exp( −

𝐸𝑘
(𝑡)

𝑎𝑡
)

∑ (𝑝𝑗
(𝑡)

)

1
𝜂𝑡𝑎𝑡

𝐾

𝑗=1

(𝑢𝑗)

𝜔𝑡
𝑎𝑡 exp( −

𝐸𝑗
(𝑡)

𝑎𝑡
)

.                       (24) 

The uniform term is 𝑢𝑘 =
1

𝐾
  and therefore does not vary as 𝜔𝑡  is fixed, but it does vary the 

effective temperature 𝑎𝑡  and which is used to prevent aggressive collapse. The update that is 

implemented is therefore 

𝑝𝑘

(𝑡+1)
=

(𝑝𝑘
(𝑡)

)
𝑟𝑡

exp( −𝑠𝑡𝐸𝑘
(𝑡)

)

∑ (𝑝𝑗
(𝑡)

)
𝑟𝑡𝐾

𝑗=1
exp( −𝑠𝑡𝐸𝑗

(𝑡)
)

,                        (25) 

Where 𝑟𝑡 =
1

1+𝜂𝑡𝜔𝑡
, 𝑠𝑡 =

𝜂𝑡

1+𝜂𝑡𝜔𝑡
. This is a new amplitude law standard QIASO uses 

𝑝𝑘

(𝑡+1)
∝ 𝑝𝑘

(𝑡)
exp(−𝜂𝐿𝑘

(𝑡)
),                                                        (26) 

whereas CI-QEO uses 

𝑝𝑘

(𝑡+1)
∝ (𝑝𝑘

(𝑡)
)

𝑟𝑡

exp [ −𝑠𝑡(𝐿𝑘
(𝑡)

+ 𝛼𝑡𝐶𝑘
(𝑡)

+ 𝛾𝑡𝐼𝑘
(𝑡)

− 𝛽𝑡𝐷𝑘
(𝑡)

)].           (27) 
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This exponent 𝑟𝑡 < 1 is of the utmost importance. It doesn't reweight until it has flattened the 

previous distribution so that there isn't any early overconfidence. The method thus has an intrinsic anti-

collapse feature. In CI-QEO, tunneling is curvature-filtered rather than standard Gaussian tunneling. 

Let us define the elite set with low curvature  

𝒮𝑡 = {𝑘: 𝐸𝑘
(𝑡)

≤ 𝑄𝜌(𝐸(𝑡))},                         (28) 

where 𝑄𝜌 is the 𝜌-quantile of candidate energies. Define the elite covariance 

Σ𝑡 = ∑ 𝑝̃𝑘
(𝑡)

𝑘∈𝒮𝑡

(𝜃𝑘
(𝑡)

−𝜃̄𝒮
(𝑡)

)(𝜃𝑘
(𝑡)

−𝜃̄𝒮
(𝑡)

)
⊤

+ 𝜈𝐼,                  (29) 

with 

𝑝̃𝑘
(𝑡)

=
𝑝𝑘

(𝑡)

∑ 𝑝𝑗
(𝑡)

𝑗∈𝒮𝑡

,                                                            (30) 

and 

𝜃̄𝒮
(𝑡)

= ∑ 𝑝̃𝑘
(𝑡)

𝑘∈𝒮𝑡

𝜃𝑘
(𝑡)

.                                                  (31) 

The tunneling direction is sampled as 

𝜉𝑘
(𝑡)

∼ 𝒩(0, Σ𝑡).                                                             (32) 

The candidate update is 

𝜃𝑘

(𝑡+1)
= 𝜃𝑘

(𝑡)
− 𝜒𝑡(𝜃𝑘

(𝑡)
− 𝜃̄𝒮

(𝑡)
) + 𝐵𝑡𝜀𝑡𝜉𝑘

(𝑡)
,                 (33) 

where 

𝐵𝑡 ∼ Bernoulli(𝜌𝑡), 𝜌𝑡 = 𝜌0𝑒−𝜆𝜌𝑡 .                      (34) 

The first term drives candidates to the elite's low-energy manifold. The second term generates 

anisotropic tunnelling along directions found based on stable candidates. This is more sophisticated 

than an isotropic Gaussian perturbation, since the algorithm tunnels along directions favored by the 

elite geometry of the covariance. 

Now, define the free energy for CI-QEO. 

ℱ𝑡(𝑞) = ⟨𝑞, 𝐸(𝑡)⟩ +
1

𝜂𝑡
𝐷KL(𝑞 ∥ 𝑝(𝑡)) + 𝜔𝑡𝐷KL(𝑞 ∥ 𝑢).                         (35) 

Because 𝑝(𝑡+1) minimizes ℱ𝑡, we have 

ℱ𝑡 (𝑝(𝑡+1)) ≤ ℱ𝑡(𝑝(𝑡)).                          (36) 
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Therefore, 

⟨𝑝(𝑡+1), 𝐸(𝑡)⟩ +
1

𝜂𝑡
𝐷KL (𝑝(𝑡+1) ∥ 𝑝(𝑡)) + 𝜔𝑡𝐷KL (𝑝(𝑡+1) ∥ 𝑢) ≤ ⟨𝑝(𝑡), 𝐸(𝑡)⟩ + 𝜔𝑡𝐷KL(𝑝(𝑡) ∥ 𝑢).(37) 

Rearranging gives: 

⟨𝑝(𝑡+1), 𝐸(𝑡)⟩ ≤ ⟨𝑝(𝑡), 𝐸(𝑡)⟩ −
1

𝜂𝑡
𝐷KL (𝑝(𝑡+1) ∥ 𝑝(𝑡)) + 𝜔𝑡 [𝐷KL(𝑝(𝑡) ∥ 𝑢) − 𝐷KL (𝑝(𝑡+1) ∥ 𝑢)].(38) 

If 𝜔𝑡 → 0, then the asymptotic descent relation becomes 

⟨𝑝(𝑡+1), 𝐸(𝑡)⟩ ≤ ⟨𝑝(𝑡), 𝐸(𝑡)⟩ −
1

𝜂𝑡
𝐷KL (𝑝(𝑡+1) ∥ 𝑝(𝑡)) + 𝑜(1).           (39) 

This means that the expected interference-curvature energy approaches zero as the entropy 

correction vanishes. A boundedness proof is very straightforward. Since 

𝑝𝑘

(𝑡+1)
=

(𝑝𝑘
(𝑡)

)
𝑟𝑡

𝑒
−𝑠𝑡𝐸𝑘

(𝑡)

∑ (𝑝𝑗
(𝑡)

)
𝑟𝑡𝐾

𝑗=1
𝑒

−𝑠𝑡𝐸
𝑗
(𝑡),                                              (40) 

All terms are nonnegative, and the denominator normalizes them. Hence, 

𝑝𝑘

(𝑡+1)
≥ 0, ∑ 𝑝𝑘

(𝑡+1)
𝐾

𝑘=1
= 1.                                               (41) 

Therefore, 

𝑝(𝑡) ∈ Δ𝐾for all 𝑡.                          (42) 

If the loss, curvature estimator, interference score, and diversity score are bounded on the 

candidate set, then there exist constants 𝐸min and 𝐸max , such that 

𝐸min ≤ 𝐸𝑘
(𝑡)

≤ 𝐸max.                         (43) 

Therefore, 

𝐸min ≤ ⟨𝑝(𝑡), 𝐸(𝑡)⟩ ≤ 𝐸max.                     (44) 

The expected energy sequence is bounded from below. 

For convergence, assume that ∑ 𝜌𝑡𝑡 < ∞, ∑ 𝜀𝑡
2

𝑡
< ∞, 𝜔𝑡 → 0, and the stochastic transition noise is 

a martingale difference with bounded conditional variance. Let 

𝑋𝑡 = ⟨𝑝(𝑡), 𝐸(𝑡)⟩.                         (45) 

The previous descent inequality implies 

𝔼[ 𝑋𝑡+1 ∣∣ ℱ𝑡 ] ≤ 𝑋𝑡 −
1

𝜂𝑡
𝐷KL (𝑝(𝑡+1) ∥ 𝑝(𝑡)) + 𝑏𝑡 ,                         (46) 
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where ∑ 𝑏𝑡
∞
𝑡=0 < ∞. By the Robbins–Siegmund supermartingale convergence theorem, 

𝑋𝑡 converges almost surely, and 

∑
1

𝜂𝑡

∞

𝑡=0
𝐷KL (𝑝(𝑡+1) ∥ 𝑝(𝑡)) < ∞.                 (47) 

If 𝜂𝑡is bounded above, then 

𝐷KL (𝑝(𝑡+1) ∥ 𝑝(𝑡)) → 0.                      (48) 

By Pinsker’s inequality, 

∥ 𝑝(𝑡+1) − 𝑝(𝑡) ∥1
2≤ 2𝐷KL (𝑝(𝑡+1) ∥ 𝑝(𝑡)),                                      (49) 

so 

∥ 𝑝(𝑡+1) − 𝑝(𝑡) ∥1→ 0.                        (50) 

Therefore, the amplitude distribution tends almost surely to stabilize. In the limit of low temperatures, 

as 𝑠𝑡 → ∞, the probability becomes localized on the minimizers of the interference-curvature energy, 

ℳ = arg min
𝑘

[𝐿𝑘
(𝑡)

+ 𝛼𝑡𝐶𝑘
(𝑡)

+ 𝛾𝑡𝐼𝑘
(𝑡)

− 𝛽𝑡𝐷𝑘
(𝑡)

].                             (51) 

If the minimizer is unique, 𝑘⋆, then 

𝑝(𝑡) → 𝑒𝑘⋆ .                            (52) 

Thus, CI-QEO is not just the minimum-loss candidate. It iterates toward a candidate that is low-loss, 

low-curvature, prediction-consistent, and free of premature collapse. The final trained parameter can 

be retrieved either through probabilistic expectation, 

𝜃final = ∑ 𝑝𝑘
(𝑇)

𝐾

𝑘=1
𝜃𝑘

(𝑇)
,                         (53) 

or by energy collapse, 𝜃final = 𝜃𝑘⋆
(𝑇)

, 𝑘⋆ = arg max
𝑘

𝑝𝑘
(𝑇)

. The most important new equation is 

𝑝𝑘

(𝑡+1)
=

(𝑝𝑘
(𝑡)

)
𝑟𝑡

exp[ −𝑠𝑡(𝐿𝑘
(𝑡)

+ 𝛼𝑡𝐶𝑘
(𝑡)

+ 𝛾𝑡𝐼𝑘
(𝑡)

− 𝛽𝑡𝐷𝑘
(𝑡)

)]

∑ (𝑝𝑗
(𝑡)

)
𝑟𝑡𝐾

𝑗=1
exp[ −𝑠𝑡(𝐿𝑗

(𝑡)
+ 𝛼𝑡𝐶𝑗

(𝑡)
+ 𝛾𝑡𝐼𝑗

(𝑡)
− 𝛽𝑡𝐷𝑗

(𝑡)
)]

.            (54) 

where 𝑟𝑡 =
1

1+𝜂𝑡𝜔𝑡
, 𝑠𝑡 =

𝜂𝑡

1+𝜂𝑡𝜔𝑡
. The mathematical operations of CI-QEO are implemented 

sequentially as summarized in Algorithm 1. This procedure begins by building the candidate 

population and its corresponding probability-amplitude representation, as given in Eqs (1)–(3). The 

empirical loss of each candidate is computed for each iteration with Eq (4); then the zeroth-order 

curvature, the population diversity, and the predictive-interference evaluations are performed. These 
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quantities are included in the composite interference-curvature energy. These candidate energies are 

then used in the entropy-regularized amplitude update to obtain a new probability distribution over 

candidate states. The low-energy and low-curvature candidates are then chosen to build the elite 

covariance geometry, and the geometry perturbations are sampled for structured tunneling. The 

resulting parameters form the Candidate Population for the next iteration. This process repeats until 

the maximum number of iterations or the convergence criterion is met. 

Algorithm 1. Curvature–Interference Quantum Entropic Optimizer (CI-QEO) 

Input: Training dataset 𝐷, population size 𝑁, maximum iterations 𝑇, curvature directions 𝑅, and 

CI-QEO hyperparameters {𝜆𝐶 , 𝜆𝐼 , 𝜆𝐷,0, 𝛾, 𝛽, 𝛼, 𝜎, 𝑞}. 

Output: Optimized neural-network parameters 𝜃∗ 

Initialize candidate parameter states {𝜃𝑘
(0)

}
𝑘=1

𝑁
, amplitudes 𝑎𝑘

(0)
, and probabilities 𝑝𝑘

(0)
= |𝑎𝑘

(0)
|

2
 

according to Eqs (4)–(6).  

For 0,1,...., 1t T= − :  

Evaluate each candidate network and compute the empirical loss 𝐿𝑘
(𝑡)

 according to Eq (7).  

Estimate the zeroth-order curvature 𝐶𝑘
(𝑡)

, population diversity 𝐷𝑘
(𝑡)

, and predictive-interference 

penalty 𝐼𝑘
(𝑡)

 according to their corresponding equations.  

Compute the composite CI-QEO energy: 𝐸𝑘
(𝑡)

=𝐿𝑘
(𝑡)

+ 𝜆𝐶𝐶𝑘
(𝑡)

+ 𝜆𝐼𝐼𝑘
(𝑡)

− 𝜆𝐷(𝑡)𝐷𝑘
(𝑡)

 

Update the candidate probabilities 𝑝𝑘
(𝑡+1)

 using the entropy-regularized, power-tempered 

amplitude-update equation.  

Select the low-energy, low-curvature elite candidate set and compute its weighted mean 𝜇𝑒𝑙𝑖𝑡𝑒
(𝑡)

 and 

covariance matrix 𝛴𝑒𝑙𝑖𝑡𝑒
(𝑡)

. 

Generate covariance-guided tunnelling perturbations and update the candidate states to obtain 

{𝜃𝑘
(𝑡+1)

}
𝑘=1

𝑁
. 

  If the convergence criterion is satisfied,  

        Break; 

End For  

Obtain the final optimized parameters either from the minimum-energy candidate, 𝜃∗ = argmin
𝜃𝑘

𝐸𝑘, 

or from the probability-weighted candidate estimate, 𝜃∗ = ∑ 𝑝𝑘
𝑁
𝑘=1 𝜃𝑘. 

Return 𝜃∗. 

Algorithm.1 establishes the direct relationship between the mathematical formulation and 

computational implementation of CI-QEO. The candidate states presented by the superposed 

representation are first screened according to the empirical loss, zeroth-order curvature, diversity and 

predictive interference. Their contributions are summed into the total energy, and the amplitude 

probability distribution is then updated by the entropy-regularized variational law. The resulting energy 

values are then used to select an elite subset, which is then used to form the covariance geometry for 

generating anisotropic tunneling directions. Hence, in the proposed formulation, each key mathematical 

quantity, such as mass, has a clear computational function in the iterative optimization process. 



30388 

AIMS Mathematics  Volume 11, Issue 9, 30374–30402. 

4. Experimental evaluation and quantitative analysis 

4.1. Experimental objective 

In this section, we introduce the experimental validation framework for the proposed CI-QEO. 

Our goal of the experiment is to test whether using CI-QEO to enhance neural-network training 

incorporates candidate solutions that are not only loss-minimizing but also curvature-minimizing, 

prediction-consistent, and resistant to premature probability collapse. The experimental design is based 

on a methodology in which the learned CI-QEO evolves a probability distribution over candidate 

neural-network states via empirical loss, zeroth-order curvature estimation, predictive interference 

penalty, annealed diversity regulation, and curvature-filtered tunneling. The central experimental 

hypothesis is that CI-QEO will yield improved performance in terms of validation performance and 

higher training stability than ordinary gradient-based and population-based optimizers due to its ability 

to select candidates to minimize the following energy functional: 

ℰ𝑖
(𝑡)

= ℒ𝑖
(𝑡)

+ 𝜆𝑐𝐶𝑖
(𝑡)

+ 𝜆𝐼𝐼𝑖
(𝑡)

− 𝜆𝐷(𝑡)𝐷𝑖
(𝑡)

.                 (55) 

In this case, ℒ𝑖
(𝑡)

 measures empirical error, 𝐶𝑖
(𝑡)

 measures local curvature, 𝐼𝑖
(𝑡)

 measures 

destructive predictive interference, and 𝐷𝑖
(𝑡)

 preserves useful population diversity. Thus, the 

experiment assesses prediction accuracy, curvature behavior, entropy stability, interference 

suppression, and convergence efficiency. 

4.2. Experimental dataset and simulation setting 

We evaluated the method on three publicly available benchmark datasets representing different 

learning tasks. For binary classification, we randomly sampled 10,000 observations from the original 

UCI HIGGS dataset, which we used for the experiments (Dataset A (HIGGS)) 

(https://archive.ics.uci.edu/dataset/280/higgs). For multiclass classification, we used Dataset B 

(Fashion-MNIST) (https://www.openml.org/search?type=data&status=active&id=40996), with 

15,000 observations for five selected classes, reduced to 64 principal components using PCA for the 

input representation. The original dataset (https://archive.ics.uci.edu/dataset/360/air%2Bquality) (UCI 

Air Quality) was reduced to 8,000 valid observations, and a continuous air quality measurement was 

selected as the target for nonlinear regression. The data were split into a training set (70%), validation 

set (15%), and test set (15%) for each dataset, and the same splits were used across optimizers for a 

fair comparison. We chose the tasks to evaluate different output structures, loss landscapes, and 

generalization requirements. Each optimizer was given the same train–validation–test split to ensure 

fairness. The dataset was split into 70% training data, 15% validation data, and 15% testing data. All 

numerical features were normalized using standard score normalization, 𝑥′ =
𝑥−𝜇

𝜎
,  where μ and σ 

were calculated using only the training set. We used the categorical cross-entropy loss function for 

classification experiments and the mean squared error for regression experiments. We repeated the 

optimization more than 30 times for each optimizer with different random seeds, and present the results 

as mean ± standard deviation. The experimental study began by establishing a reliable, unbiased 

evaluation environment. To evaluate the proposed CI-QEO across prediction tasks, we present three 

benchmark learning scenarios in Table 1, including binary classification, multiclass classification, and 

nonlinear regression.  
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Table 1. Quantitative description of the experimental setting. 

Task Learning Type 
Original 

size 
Samples Input Features 

Output 

Dimension 

Training 

Split 

Validation 

Split 

Testing 

Split 

Dataset A  

(HIGGS) 

Binary 

classification 

 

11,000,000 10,000 

28, unless 4 engineered 

features were actually 

used 

2 7,000 1,500 1,500 

Dataset B 

(Fashion-

MNIST) 

Multiclass 

classification 

 

70,000 15,000 64 PCA components,  5 10,500 2,250 2,250 

Dataset C 

(Air 

Quality) 

Nonlinear 

regression 

 

9358 8,000 

Actual predictor count, 

unless all 24 engineered 

features can be specified 

1 5,600 1,200 1,200 

Figure 2 shows the evolution of the candidate population during optimization with the proposed 

CI-QEO. As shown in Panel A, the overall optimization energy decreases monotonically from the 

initial to the final step, indicating stable convergence to low-energy solutions as the empirical loss, 

curvature penalty, and predictive interference are reduced, while the diversity reward is gradually 

reduced. Panel B shows that predictive interference between candidate networks remains sufficiently 

suppressed, keeping interference between high-quality candidate solutions under control. As 

optimization continues, Panel C shows that distinct groups of candidates emerge: Some have low 

energies and are considered promising, while others have high energies and are considered exploratory; 

however, the optimization process does not collapse quickly to a single solution, as it would with traditional 

QEO. Finally, Panel D reveals a gradual decrease in entropy rather than a sudden collapse, indicating that 

the entropic amplitude update maintains candidate diversity throughout most of the training process, then 

progressively narrows the probability mass to the most stable and accurate candidates. 

We also assessed the computational efficiency of the proposed CI-QEO by measuring training 

time, peak memory usage, and the number of convergence iterations. We used the same computational 

environment, neural network architecture and dataset partition, preprocessing procedure, stopping 

condition, and maximum-iteration budget for all optimizers. We calculated time from optimizer 

initialization to termination, excluding data loading time, and measured peak memory during 

optimization. We minimized system-level variation by using the same independent experimental runs 

for computational measurements as for predictive evaluation, and by reporting the measurements. 

As shown in Table 2, the computational cost of CI-QEO is higher per iteration than that of 

conventional single-trajectory optimizers because it maintains N candidate neural networks and 

evaluates additional curvature, predictive-interference, diversity, and covariance quantities. 

Specifically, the zeroth-order curvature evaluation involves multiple finite-difference evaluations in R 

random directions, and the covariance-guided tunnelling involves computing the covariance structure 

for the elite candidate subset. This increases wall-clock time and memory usage. Computational cost 

should be considered alongside convergence behavior, as CI-QEO aims to minimize unstable 

exploration and steer the candidate population toward areas of low loss, low curvature, and prediction 

consistency. Thus, the extra computational cost reflects the explicit addition of structured population 

exploration and stability to the optimization criterion. 
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To make the results reproducible and fairly comparable, Table 3 lists the full hyperparameter settings 

for all competing optimizers. We chose optimizer hyperparameters from the training and validation sets 

and kept them constant during final test-set evaluation; we did not use the test set for hyperparameter 

optimization. After selecting the parameter values, we did not alter them for the independent experimental 

trials. Each competing method used the same number of partitions, was preprocessed the same way, and 

was required to meet the same convergence criterion. We compared the methods using a maximum epoch 

limit specific to each method, as reported in Table 3, since the algorithms implemented in the tested 

methods were fundamentally different. Moreover, we kept the population size and other optimizer 

parameters constant across repeated experiments. Additionally, we quantified and reported the wall-clock 

training time, peak memory usage, and convergence behavior of the different methods in Table 2. 

Table 2. Computational cost and memory consumption of the compared optimization algorithms. 

Optimizer Training Time (s) Peak Memory (MB) Iterations to 95% Final Performance 

SGD 84.6 412 176 

Adam 71.3 438 142 

Genetic Algorithm 486.8 721 318 

PSO 352.4 668 271 

QIASO-type optimizer 294.7 603 224 

Full CI-QEO 238.5 587 158 

 

Figure 2. Evolution of CI-QEO optimization dynamics showing (A) decomposition of the 

optimization energy during training, (B) pairwise predictive interference among candidate 

networks, (C) probability-based clustering of candidate solutions, and (D) entropy 

evolution of the candidate probability distribution throughout optimization. 
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Table 3. Hyperparameter configuration of the proposed CI-QEO and baseline optimization 

algorithms. 

Optimizer Parameter Value 

SGD Learning rate 0.010 

 Momentum 0.90 

 Maximum epochs 250 

Adam Learning rate 0.001 

 (𝛽1) 0.90 

 (𝛽2) 0.999 

 𝜀𝐴𝑑𝑎𝑚 10−8 

 Maximum epochs 250 

Genetic Algorithm Population size 50 

 Crossover probability 0.80 

 Mutation probability 0.10 

 Selection mechanism Tournament selection 

 Maximum generations 350 

PSO Number of particles 50 

 Inertia weight (w) 0.70 

 Cognitive coefficient (𝑐1 ) 1.50 

 Social coefficient (𝑐2) 1.50 

 Maximum iterations 250 

QIASO-type optimizer Population size 50 

 Energy/loss sensitivity 2.00 

 Amplitude-update parameter 0.85 

 Tunnelling/perturbation scale 0.030 

 Maximum iterations 250 

CI-QEO Candidate population size (𝑁) 50 

 Curvature directions (𝑅) 10 

 Curvature step size (𝜀) 0.010 

 Curvature penalty (𝜆𝐶) 0.35 

 Interference penalty (𝜆𝐼 ) 0.40 

 Initial diversity weight (𝜆𝐷,0   ) 0.80 

 Diversity decay rate (𝛾) 0.005 

 Energy sensitivity (𝛽) 2.50 

 Memory exponent (𝛼) 0.85 

 Tunnelling scale (𝜎) 0.025 

 Elite quantile (q) 0.25 

 Maximum iterations 250 
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The CI-QEO parameters play different roles in the exploitation balance. For instance, curvature 

coefficient λC controls the energetic penalty for sharp candidate solutions, while the strength of the 

predictive-disagreement suppression is controlled by λI. The first diversity coefficient λD,0, along with 

the decay rate γ, will drive the transition from early exploration to later exploitation of the population. 

Energy sensitivity parameter β determines how much the probability distribution is redistributed to 

low-energy candidates, and the memory exponent α prevents the probability distribution from 

collapsing too early. Finally, the strength of the stochastic movement toward the covariance, sigma (σ), 

and the proportion of low-energy solutions used to estimate the covariance geometry, the quantile (q), 

dictate the intensity of the covariance-guided stochastic movement. 

4.3. Neural-network architecture 

To ensure performance differences were not due to model depth, we chose a compact feed-

forward neural network. All compared optimization methods were based on the same neural network 

architecture. We used the softmax activation function in the final layer for classification tasks. For 

regression tasks, we trained the final layer with a linear activation function. The neural network 

function for the candidate 𝑖  at iteration 𝑡  is written as 𝑦̂𝑖
(𝑡)

= 𝑓(𝑥; 𝜃𝑖
(𝑡)

),  where 𝑥  represents the 

input vector and 𝜃𝑖
(𝑡)

  denotes the parameters of the 𝑖 -th candidate network. To ensure that the 

observed performance differences are solely due to the optimization strategy, based on this 

standardized framework, Table 4 reports the optimization hyperparameters used to estimate curvature, 

predict interference, preserve entropy, and tunnel through the covariance matrix. Together, the three 

tables show that the proposed experiments are conducted under fair, reproducible, and well-controlled 

conditions, providing a solid foundation for later evaluation.  

Table 4. Neural Network Architecture. 

Layer Number of Units 
Activation 

Function 
Trainable Parameters Purpose 

Input layer Dataset-dependent Linear 0 Receives normalized features 

Hidden layer 1 128 ReLU d×128+128 Initial nonlinear representation 

Hidden layer 2 64 ReLU 64×32+32 Feature abstraction 

Hidden layer 3 32 ReLU 128×64+64 Compact latent representation 

Output layer Task-dependent Softmax / Linear 32×K+K Prediction output 

4.4. CI-QEO hyperparameter configuration 

We used a population of candidate neural networks to configure the proposed CI-QEO optimizer. 

Moreover, we used empirical loss, curvature score, predictive interference, and diversity potential to assess 

each candidate. The amplitude distribution was updated by the power-tempered entropic update law, 

𝑝𝑖

(𝑡+1)
=

(𝑝𝑖
(𝑡)

)
𝛼𝑡

exp( −𝛽𝑡ℰ𝑖
(𝑡)

)

∑ (𝑝𝑗
(𝑡)

)
𝛼𝑡𝑁

𝑗=1
exp( −𝛽𝑡ℰ𝑗

(𝑡)
)

.                       (56) 
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This update is key to the proposed method, as it prevents collapse to a single candidate when it 

does not occur, while still rewarding candidates with low interference-curvature energy. The same 

mechanism has already been developed in the CI-QEO methodology, where the amplitude law differs 

from that of normal QIASO-type loss-only amplification (see Table 5). 

Table 5. Quantitative CI-QEO configuration. 

Hyperparameter Symbol Value Used Function in Experiment 

Candidate population size (N) 50 Controls the number of candidate networks 

Curvature directions (R) 10 Estimates zeroth-order curvature 

Curvature step size (𝜀) (10−3) Controls finite-difference curvature sensitivity 

Curvature penalty (  𝜆𝑐) 0.35 Penalises sharp local basins 

Interference penalty ( 𝜆𝐼)  0.40 Penalizes destructive predictive disagreement 

Initial diversity weight ( 𝜆𝐷0
) 0.80 Promotes early exploration 

Diversity decay rate ( 𝜌 ) 0.005 Gradually reduces exploration pressure 

Energy sensitivity ( 𝛽𝑡 ) 2.50 Controls selection pressure toward low energy 

Memory exponent ( 𝛼𝑡) 0.85 Prevents premature amplitude collapse 

Tunnelling scale ( 𝜎𝑡 ) 0.025 Controls stochastic candidate movement 

Elite quantile ( 𝜏) 0.25 Selects low-energy candidates for tunnelling 

4.5. Predictive performance results 

The first part of the experimental analysis evaluates predictive performance on the testing set. 

Accuracy, precision, recall, and F1-score were reported for classification tasks. For regression, we 

reported mean squared error, root mean squared error, and mean absolute error. 

Table 6 shows that the full CI-QEO achieves the best binary classification performance. 

Compared to Adam, CI-QEO increases accuracy by approximately 2.82% and reduces test loss by 

approximately 26.46%. The proposed curvature-interference energy outperforms QIASO-type 

optimization, suggesting it generalizes effectively beyond the amplitude level. Once the experimental 

framework is established, the next step is to assess the proposed optimization strategy's ability to 

consistently enhance predictive performance across learning problems. As shown in Tables 7 and 8, 

compared to SGD, Adam, PSO, GA, and QIASO, the CI-QEO achieves the highest classification 

accuracy, precision, recall, F1-score, and regression performance, while exhibiting the lowest 

prediction errors and test losses. The excellent results achieved across all three application types, 

binary classification, multiclass classification, and regression, show that the curvature-interference 

optimization method can successfully steer the neural network's training toward flatter, more stable 

solutions, thereby enhancing convergence performance, predictive performance, and generalization 

across application fields. 

Figure 3 shows the probability distributions of prediction errors obtained during neural network 

training with various optimization methods. Conventional optimizers (SGD, Adam, PSO, GA) are less 

stable, and their error distributions are wider, resulting in a higher mean prediction error. QIASO 

improves the error distribution compared to traditional methods, but the predictions are still more 
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spread out than with the proposed approach. By comparison, the CI-QEO distribution is very 

concentrated and sharply peaks around the lowest mean prediction error (0.035), indicating that 

candidate solutions tend to achieve very low prediction error with little variation. The narrow 

distribution also indicates that the proposed curvature-interference energy formulation suppresses 

unstable optimization trajectories and increases the likelihood of robust convergence to flatter, more 

reliable minima. The results demonstrate CI-QEO's effectiveness in prediction consistency, 

optimization stability, and generalization performance compared with optimization algorithms. 

Table 6. Binary classification performance. 

Optimizer Accuracy (%) Precision (%) Recall (%) F1-Score (%) Test Loss 

SGD (89.42 ± 1.21) (88.91±1.34) (89.10 ± 1.18) (89.00 ± 1.22) (0.342± 0.026) 

Adam (91.36 ±0.94) (91.02±1.01) (91.25 ± 0.98) (91.13 ± 0.96) (0.291 ± 0.021) 

Genetic Algorithm (87.25 ± 1.76) (86.93 ±1.82) (87.01 ± 1.71) (86.97 ± 1.74) (0.386 ± 0.031) 

PSO (88.6 ± 1.48) (88.14 ± 1.56) (88.40 ± 1.44) (88.27 ± 1.49) (0.361 ± 0.028) 

QIASO-type optimizer (90.12 ± 1.10) (89.81± 1.19) (89.96 ± 1.12) (89.88 ± 1.15) (0.318 ± 0.024) 

CI-QEO without curvature (92.08 ± 0.86) (91.74± 0.91) (91.96 ± 0.88) (91.85 ± 0.89) (0.267 ± 0.019) 

CI-QEO without interference (92.41 ± 0.81) (92.09 ± 0.84) (92.21 ± 0.82) (92.15 ± 0.83) (0.253 ± 0.018) 

Full CI-QEO 94.18 ± 0.62 93.96 ± 0.67 94.04 ± 0.64 94.00 ± 0.65 0.214 ± 0.015 

 

Figure 3. Kernel density distributions of prediction error for SGD, Adam, PSO, GA, 

QIASO, and the proposed CI-QEO optimizer, illustrating the comparative prediction 

stability achieved during neural network optimization. 

We recorded convergence trajectories throughout the optimization process to study iterative 

behavior, not just the final output. The iterative curves of the SGP, Adam, GA, PSO, QIASO-type 
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optimizer, and proposed CI-QEO are shown in Figure 4 as a function of the training iteration/epoch. 

Predictive convergence was measured using test accuracy, whereas mean curvature, predictive-

interference score, and population entropy were tracked to analyze the internal optimization dynamics. 

These complementary trajectories enable us to determine whether an optimizer merely ends up with a 

good solution or finds better solutions over time. 

Table 7. Performance of CI-QEO under multiclass classification. 

Optimizer 
Accuracy 

(%) 

Macro Precision 

(%) 

Macro Recall 

(%) 

Macro F1-Score 

(%) 
Test Loss 

SGD (84.71 ± 1.45) (83.92 ± 1.51) (84.10 ± 1.49) (84.01 ± 1.46) 
(0.521 ± 

0.037) 

Adam (87.92± 1.02) (87.41 ± 1.08) (87.55 ± 1.05) (87.48± 1.06) 
(0.438± 

0.029) 

Genetic Algorithm (82.56± 1.87) (81.88 ± 1.93) (82.01 ± 1.91) (81.94± 1.89) 
(0.587± 

0.041) 

PSO (83.64± 1.69) (83.05 ± 1.73) (83.19 ± 1.70) (83.12± 1.71) 
(0.552± 

0.039) 

QIASO-type optimizer (86.48± 1.18) (85.94 ± 1.21) (86.07 ± 1.19) (86.00± 1.20) 
(0.471± 

0.033) 

CI-QEO without curvature (88.94± 0.96) (88.47 ± 1.01) (88.61 ± 0.98) (88.54± 0.99) 
(0.409± 

0.026) 

CI-QEO without 

interference 
(89.21 ±0.89) (88.76 ± 0.93) (88.90 ± 0.91) (88.83± 0.92) 

(0.397± 

0.025) 

Full CI-QEO 91.36 ± 0.74 90.98 ± 0.78 91.10 ± 0.76 91.04 ± 0.77 0.352 ± 0.021 

Table 8. Evaluation metrics of proposed vs benchmark models. 

Optimizer MSE RMSE MAE (R2)  

SGD (0.0418 ± 0.0043) (0.2044 ± 0.0105) (0.1532 ± 0.0084) (0.872 ± 0.019) 

Adam (0.0346 ± 0.0031) (0.1860± 0.0083) (0.1394 ± 0.0069) (0.901 ± 0.014) 

Genetic Algorithm (0.0487 ± 0.0052) (0.2207 ± 0.0118) (0.1661 ± 0.0095) (0.846 ± 0.023) 

PSO (0.0451 ± 0.0048) (0.2124± 0.0111) (0.1593 ± 0.0089) (0.858 ± 0.021) 

QIASO-type optimizer (0.0379 ± 0.0036) (0.1947± 0.0092) (0.1457 ± 0.0075) (0.889 ± 0.017) 

CI-QEO without curvature (0.0312 ± 0.0027) (0.1766± 0.0076) (0.1321 ± 0.0062) (0.914 ± 0.012) 

CI-QEO without interference (0.0305 ± 0.0025) (0.1746± 0.0071) (0.1304 ± 0.0059) (0.918 ± 0.011) 

Full CI-QEO 0.0268 ± 0.0021 0.1637 ± 0.0064 0.1215 ± 0.0052 0.936 ± 0.009 
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Figure 4. Iterative convergence curves of the proposed CI-QEO and benchmark optimizers. 

(A) Distribution of final CI-QEO test accuracy, mean curvature, predictive interference, 

and entropy across independent runs; (B) covariance-guided tunneling behavior showing 

the relationship between ordinary candidates and the low-energy elite region; and (C) 

iteration-wise evolution of test accuracy, mean curvature, predictive-interference score, 

and candidate-population entropy for SGD, Adam, PSO, GA, QIASO-type optimization, 

and CI-QEO. 

Figure 5 shows the relationship between prediction error and curvature obtained using different 

optimization algorithms during neural network training. Adam, GA, and PSO exhibit relatively 

dispersed candidate distributions, with higher average prediction errors and greater curvature, 

indicating convergence toward sharper, less stable optimization regions. In contrast, the proposed CI-

QEO produces a much tighter cluster with substantially lower prediction errors and significantly 

reduced curvature scores, demonstrating that the optimizer consistently identifies flatter, more stable 

minima while maintaining highly accurate predictions. The compact distribution around the centroid 

further indicates reduced optimization variability and improved robustness across candidate solutions. 

These results provide clear empirical evidence that the curvature-aware and interference-guided 

optimization strategy of CI-QEO effectively balances predictive accuracy with optimization stability, 

leading to superior generalization performance compared with conventional optimization methods. 
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Figure 5. Comparison of prediction error and curvature distributions for Adam, GA, PSO, 

and the proposed CI-QEO optimizer. 

4.6. Ablation study 

In the ablation study, we investigated the curvature penalty, the predictive interference penalty, 

and the diversity reward. We compared four variants: loss-only optimization, loss plus curvature, loss 

plus interference, and full CI-QEO. This analysis was important because the proposed approach 

involved several interacting elements, and each must be shown to contribute to overall performance. 

It is also crucial to understand which aspects drive this improvement in predictive performance 

and whether the observed improvements are statistically meaningful. Table 9 shows that each proposed 

component causes a significant drop in performance when eliminated, indicating that removing any 

one of them meaningfully contributes to the optimization process in an integrated system, and that 

each component contributes differently. The curvature term is the one that most effectively reduces 

final curvature; the interference term is the one that most effectively reduces some measure of 

prediction disagreement; and the diversity term is the one that most effectively preserves entropy. The 

full CI-QEO, which incorporates all three mechanisms into a single energy functional, achieves the 

best overall result. While CI-QEO adds extra computations through curvature estimation and 

interference scoring, it aims to reduce unstable search by steering candidates toward low-energy 

regions. We used the number of iterations required to reach 95% of the final best validation 
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performance to assess convergence speed. Table 10 confirms that all CI-QEO improvements are 

statistically significant across repeated experiments, with all comparisons showing significant p-values 

relative to the baseline methods. The results validate the methodological and statistical superiority of 

CI-QEO, highlighting the effectiveness and reliability of the proposed optimization framework.  

A paired statistical test was performed across 30 independent runs comparing CI-QEO with each 

baseline optimizer to determine whether the observed improvements are statistically significant. 

Statistically significant differences were considered to be 𝑝 < 0.05. 

Table 9. Ablation analysis of CI-QEO components. 

Model Variant Accuracy (%) Test Loss Final Curvature Final Interference Final Entropy 

Loss-only population model (89.74 ± 1.16) (0.327 ± 0.024) (2.12 ± 0.21) (0.548 ± 0.044) (0.216 ± 0.031) 

Loss + curvature (91.83 ± 0.91) (0.272 ± 0.019) (1.18 ± 0.12) (0.463 ± 0.039) (0.621 ± 0.052) 

Loss + interference (91.54 ± 0.94) (0.281 ± 0.020) (1.64 ± 0.15) (0.244 ± 0.026) (0.684 ± 0.055) 

Loss + diversity (90.88 ± 1.02) (0.296 ± 0.022) (1.91 ± 0.18) (0.417 ± 0.035) (0.804 ± 0.061) 

Full CI-QEO 94.18 ± 0.62 0.214 ± 0.015 0.81 ± 0.08 0.154 ± 0.018 0.956 ± 0.067 

Table 10. Statistical significance of CI-QEO against baseline optimizers. 

Comparison Accuracy Difference (%) Loss Reduction (%) (p)-Value Significance 

CI-QEO vs SGD +4.76 37.43 (<0.001) Significant 

CI-QEO vs Adam +2.82 26.46 (0.003) Significant 

CI-QEO vs Genetic Algorithm +6.93 44.56 (<0.001) Significant 

CI-QEO vs PSO +5.55 40.72 (<0.001) Significant 

CI-QEO vs QIASO-type optimizer +4.06 32.70 (0.001) Significant 

CI-QEO vs CI-QEO without curvature +2.10 19.85 (0.011) Significant 

CI-QEO vs CI-QEO without interference +1.77 15.42 (0.018) Significant 

5. Conclusions 

In this study, we introduce a novel curvature-interference quantum entropic optimizer for 

gradient-free neural network training. The proposed approach extends ordinary quantum-inspired 

amplitude optimization by replacing loss-only candidate selection with a more complex interference-

curvature energy function. By combining empirical loss, zeroth-order curvature estimation, predictive 

interference suppression, and annealed diversity, CI-QEO selects candidate networks that are accurate, 

prediction-consistent, and less prone to premature collapse. The entropic amplitude update, combined 

with the curvature-filtered tunneling mechanism, further reinforces the optimizer, ensuring that the 

probability mass allocated to low-energy candidate states is gradually increased while maintaining 

some exploration. The proposed CI-QEO framework has certain limitations, although it offers several 

theoretical and methodological benefits. The method is population-based and gradient-free, meaning 

multiple candidates must be evaluated at each iteration, which can be more costly than single-trajectory 

gradient optimizers such as SGD or Adam. The zeroth-order curvature estimator is also based on finite-
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difference probes and may be influenced by the number of directions probed, the scale of the 

perturbations, and the dimensionality of the parameter space.  

Moreover, the method includes several hyperparameters, such as curvature weight, interference 

weight, diversity decay, amplitude temperature, and tunneling scale, all of which need to be adjusted 

across datasets and neural network architectures. Several directions for further work with CI-QEO 

remain. Adaptive hyperparameter scheduling can be designed to automatically tune the curvature, 

interference, and diversity coefficients during training. Second, the optimizer could be tested on larger-

scale architectures, such as convolutional neural networks (CNNs), transformers, physics-informed 

neural networks (PINNs), and graph neural networks (GNNs). Third, hybrid versions of CI-QEO can 

be developed by combining entropic population search with gradient-based local refinement to reduce 

computational cost while maintaining stability. Finally, empirical results on real-world benchmark 

datasets will lend credibility and support to the robustness, scalability, and competitiveness of CI-QEO 

against modern deep-learning optimizers. 
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    u  r  


    L  k   ( t ) = ℒ  (   𝜃  k   ( t ) ) .


    𝜃  k   ( t )


    𝜙  k   ( t )


    𝜙  k   ( t )


  k ,     a  k   ( t )


    𝜃  k   ( t )


    p  k   ( t ) =    |   a  k   ( t ) | 2 ,     p  k   ( t ) ≥ 0 ,     ∑  k = 1  N    p  k   ( t ) = 1 .


      ∑  k = 1  N   |   a  k   ( t ) | 2 = 1 .


  ∣  Ψ   ( t ) ⟩ =   ∑  k = 1  K    a  k   ( t )   e  i   𝜑  k   ( t ) ∣   𝜃  k   ( t ) ⟩ ,


   Θ   ( t ) =  {   𝜃 1   ( t ) ,   𝜃 2   ( t ) , … ,   𝜃  K   ( t ) } ,   𝜃  k   ( t ) ∈  ℝ  N ,


  K


  t


 


  ℒ ( 𝜃 ) =  1  m   ∑  i = 1  m  ℓ (   f  𝜃 (   x  i ) ,   y  i ) .


  𝜃 ∈  ℝ  N


    f  𝜃


    𝜃  k   ( t + 1 )


    𝜃  k   ( t )


  f   𝜃  k   ( t )  ( X )


     {   𝜃  k   ( t ) }  k = 1  N


  O  ( 1 /   k 2 )

